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ABSTRACT
Coastal sharks represent a group of stocks for which observation, assessment, and management are
particularly challenging. Large distributional ranges, complex migratory behavior, low economic value, and
relatively few observations in fishery independent surveys hinder relative abundance estimation. Assessing
stock status of coastal sharks is encumbered by limited data availability, data quality, and knowledge of life
history strategy. Further, coastal sharks are challenging to manage due to their slow intrinsic population
growth rates, competing stakeholder interests, history of overexploitation, and in some cases, subjection to
international exploitation.
This dissertation aimed to improve the capacity to observe relative abundance of coastal sharks.
Because a comprehensive survey is unavailable across the full distribution of coastal shark species in the
southeast United States, several spatially-limited surveys are conducted, each assumed to represent an
independent measure of relative abundance. When compiled, these indices of abundance regularly conflict,
obscuring the true trend in stock abundance and potentially biasing estimates of stock status from stock
assessments. Using age-structured simulations for Atlantic sharpnose and sandbar sharks, we tested whether
dynamic factor analysis (DFA) is an appropriate statistical approach to reconcile conflicting survey indices.
The resulting DFA trends were then input into a stock assessment model and results were compared to those
generated from inputting conflicting indices into a corresponding assessment model. DFA proved useful in
clarifying underlying patterns in stock abundance when the stock abundance exhibited sufficient contrast,
and DFA trends were shown to produce more consistent (precise) assessment results. This dissertation serves
to improve the capacity to observe patterns in relative abundance over time and likewise expand the toolbox
for coastal shark stock assessments.
Fishery management procedures (MPs) are pre-agreed upon frameworks designed to manage a stock
and typically include information on how the stock is monitored, assessed, how stock status will alter
management regulations (‘harvest control rule;’ HCR), and how the management regulations will be applied
to the stock. No MP has been developed for coastal sharks in the United States. Consequently, we examined
the impact of various HCR parameterizations and stock assessment frequency for the large coastal sandbar
shark using a simulation approach termed management strategy evaluation. Notably, sandbar sharks are
subjected to unregulated, international removals by Mexico, and the level of future Mexican removals was
found to have a significant impact on the ability of the sandbar shark to recover. Trade-offs in management
objectives with respect to various parameterizations of the harvest control rule were presented. Further, the
frequency of stock assessments had a relatively small impact on the management objectives of the sandbar
shark fishery. Through management strategy evaluation, international removals were identified as a potential
barrier to sandbar shark recovery. Further, the vast resources required to undergo more numerous stock
assessments could be potentially alleviated by reduction of future large coastal shark assessment frequency
without compromising management success
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Improving Observation, Assessment, and Management of Coastal Sharks

CHAPTER 1
Introduction

Motivation
All federally managed fish stocks are subjected to the Magnuson-Stevens Fishery Conservation and
Management Act (MSA), and all subsequent reauthorizations of the MSA. The primary goals of the 2007
reauthorization include prevent overfishing, rebuild overfished stocks, utilize reliable data and sound science,
maximize long-term economic and social benefits of fisheries, protect and conserve essential fish habitats,
and ensure a sustainable supply of seafood (MSA 2007). Ten national standards provide guidance for the
development of Fishery Management Plans that are consistent with the Magnuson-Stevens Act for U.S.
marine fisheries (NSG 2016). National Standard 1 outlines the process by which annual catch limits (ACLs)
are set to achieve optimal yield, which involves specifying stock status and fishery reference points (e.g.,
maximum sustainable yield or proxy, overfishing limits, acceptable biological catch, ACL; NSG 2016). As
such, each of the eight Regional Fishery Management Councils has spent subsequent years extensively
developing unique operational protocols to assess fish stocks and calculate ACLs, while ensuring consistency
with the MSA for species within their jurisdiction.
Because of the migratory nature of fishes, several species cross domestic and international
boundaries. Many such species within the U.S. along the Atlantic coast are managed under NOAA Fisheries’
Atlantic Highly Migratory Species (HMS) management division. Given the need to consider intergovernmental fishery organizational recommendations and honor other international agreements,
management of Atlantic HMS is not strictly bound to all elements of the MSA. Consequently, HMS have not
benefited from the extensive research developing and refining Fishery Management Plans conducted by the
Councils. However, NOAA Fisheries’ Atlantic HMS Division also has management authority over 42
Atlantic coastal shark species, most of which exhibit predominantly domestic home ranges and spatial
distributions. These shark species have consequently been excluded from the last decade’s evolving scientific
and management enterprise that underpins most U.S. federally managed fisheries.
Designation of appropriate ACLs begins with an estimation of stock status, usually derived from
comprehensive stock assessments, where possible. However, the stock assessment process holds considerable
challenges for species with uniquely slow-growing life history characteristics, like sharks (Cortés 2011). One
considerable challenge is uncertainty associated with abundance trends. Comprehensive trends in abundance
are generally data requirements for many stock assessment models and are ideally calculated using fishery-

3

independent surveys. Large home ranges and ontogenetically varying and sex-specific seasonal migrations
create a challenging framework within which to monitor fish populations. For spatially wide-ranging species
with complex life cycles, comprehensive population-wide surveys are unrealistic. In such fishes, assessments
must rely on independent and spatially fragmented surveys and catch-per-unit-effort data to each generate a
discrete index of relative abundance. When compiled, despite sampling the same population, multiple surveybased indices of relative abundance frequently conflict with one another, hindering interpretation and
introducing bias into stock assessments. Uncertainties in stock trends are reflected in ambiguous and biased
estimates of stock status, limiting the effectiveness of advice passed on to fisheries managers.
National Standard 1 also requires creation of Fishery Management Plans for each federally managed
fish stock, which establishes a management procedure as a mechanism for specifying ACLs. Management
procedures are specified when existing data-generating and assessment processes are combined with a control
rule that converts information on the stock into management advice, called harvest control rules (HCRs). To
date, HCRs have not been designated for domestic sharks within the United States in accordance with the
MSA.
The demand for stock status advice, as obtained through stock assessments, outstrips capacity to
conduct assessments. Consequently, the next generation stock assessment enterprise prioritizes reductions in
assessment frequency for suitable species (Lynch et al. 2018). Due to their intrinsically low capacity for
population growth, notable changes in the stock status of sharks can take decades to attain, indicating that
stock assessment frequency can likely be much lower than for other, faster-growing, species. Yet to date, no
guidance on stock assessment timing has ever been explored for species of this nature.

Background
In the mid-1970s, sharks in the U.S. were deemed an underutilized natural resource as other
commercially important stocks were declining, and commercial fishers were encouraged to target sharks,
despite a lack of shark-specific fishery management in place at the time (ASMFC 2012; SEDAR 2012).
Commercial shark landings peaked in 1989 (ASMFC 2008) and subsequent population declines were
documented (Musick et al. 1993). The first U.S. shark FMP was established in 1993 by the U.S. Secretary of
Commerce as a result of overexploitation and declining abundances. Because sufficient information was not
available to present species-specific management measures, 39 species of sharks were grouped into three
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management units: large coastal species (LCS), small coastal species (SCS), and pelagic species (NMFS
1999). Since 2005, coastal shark assessments have been conducted through the SouthEast Data, Assessment,
and Review (SEDAR) process, which was originally developed by the Southeast Fisheries Science Center
and the South Atlantic Fishery Management Council to improve assessment quality and provide a framework
for independent peer review (SEDAR 2006). In 2006, sharks were grouped with teleost species to form a
single FMP for all HMS (SEDAR 2013). Shark assessments were conducted on stock complexes until 2007
(SEDAR 2006, 2007) and have thereafter been conducted on a species-specific basis (e.g., SEDAR 2011,
2012, 2013, 2016, 2017, 2018).
Shark species are generally a challenging group to adequately manage, due to their slow growing
and slow reproducing (or K-selected) life history strategy (Musick et al. 2000, Stevens et al. 2000, Cortés
2011), and extensive migratory patterns (Ellis et al. 2008, Grubbs 2010). Additionally, complex life cycles
frequently involve nursery area utilization (McCandless et al. 2007), philopatry (Hueter et al. 2005), and sexspecific and ontogenetically varying movement and habitat use patterns (Grubbs 2010, Ellis et al. 2008).
These biological traits are reflected in very low intrinsic rates of population increase and ensure that shark
populations cannot sustain levels of exploitation comparable to those of teleost fishes, resulting in protracted
periods of recovery following unregulated or over-exploitation (Musick et al. 2000, Stevens et al. 2000, Au
et al. 2015). These traits (highly migratory, sex and ontogenetic variations in movement and habitat use) also
reflect a collection of stocks that are challenging to monitor (Grubbs 2010, Cortés 2011). Transboundary
movements also release corresponding shark species from the managerial responsibility of any singular
nation (Stevens et al. 2000).
Because fisheries research and management have lagged behind exploitation and some data are of
inferior quality (Pilling et al. 2008), sharks are considered relatively data-poor species (Ellis et al. 2008). The
low economic value of sharks has resulted in research that has largely lagged behind that of more
economically viable fishes, such that fundamental life history understanding of sharks is lacking (Stevens et
al. 2000; Cortés et al. 2015). Generally, assessment related data limitations for sharks include restricted
spatiotemporal survey data (Grubbs 2010), unreliable stock structure and identification, uncertainty in the
amount of unreported catch, poorly resolved discard statistics, and unknown post release mortality (SEDAR
2013). Few (and variable) empirical estimates of elasmobranch natural mortality (e.g., Manire and Gruber
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1993; Heupel and Simpfendorfer 2002) are available (Ellis et al. 2008; Cortés 2011). Recent concerns have
called traditional elasmobranch aging methods into question (Natanson et al. 2018), raising additional
uncertainty in our already limited understanding of shark biology. Further, given the unique reproductive
strategies of elasmobranchs relative to teleost fishes (e.g., internal fertilization; oviparity, ovoviviparity, and
viviparity), shark populations follow a relatively tight stock-recruitment relationship (Stevens et al. 2000;
Ellis et al. 2008) that is largely independent of environmental influences (Cortés 2011). While a direct stockrecruitment relationship is desirable, traditional and predominantly utilized stock-recruit relationships were
developed for teleost species and fail to accommodate the underlying mechanisms of elasmobranch
reproduction and density dependence. As such, Kai and Yokoi (2017) note difficulties parameterizing
Beverton-Holt and Ricker stock-recruitment relationships for sharks. In the case of long-lived, live-bearing
fishes, the predominant mechanism of density dependence is likely neonate mortality (Cortés et al. 2012,
Peterson et al. 2017a), such that offspring survival should decrease faster as the stock approaches carrying
capacity. In Beverton-Holt and Ricker stock-recruitment relationships, offspring survival decreases fastest at
low stock sizes, indicating that they may not be appropriate for modeling elasmobranch populations (Taylor
et al. 2013). Development of a shark-based stock recruitment relationship (e.g., Taylor et al. 2013) has lagged
decades behind that of teleost species (Ricker 1954, Beverton and Holt 1957). To date, shark-specific stockrecruitment relationships are rarely implemented in practice.
Based on shark biology and data limitations, it has been suggested that management should follow
a more precautionary approach (Dulvy et al. 2014). Species that undergo less variability in recruitment (i.e.,
like sharks that have a relatively tight spawner-recruit relationship) are less resilient to depletion. Thus, the
target stock size should be set higher than for comparable species with a more variable stock-recruitment
relationship (Butterworth and Punt 1999). Consequently, conservative management of sharks has been
repeatedly called for within the literature (e.g., Cortés 1998; Musick et al. 2000; Dulvy et al. 2014).

Relative Abundance
While a variety of stock assessment models have been applied for coastal sharks in the Atlantic, a
common data input to all stock assessment models are indices of relative abundance, exclusively calculated
via catch and effort data from regional fishery-independent and fishery-dependent surveys (Hinton and
Maunder 2003). Yet, resources supporting broad-scale shark surveys are not prioritized and are sometimes
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logistically infeasible. As a result, available survey and fishery-dependent data typically reflect measures of
relative abundance across spatial ranges much smaller than the actual distributions of target species. For
example, the sandbar shark stock assessment included 11 spatially-limited indices of relative abundance
derived from ‘snapshot’ datasets ranging from Massachusetts to Florida and the Gulf of Mexico (SEDAR
2011). Shark survey indices of relative abundance also typically include impossibly large interannual
variability given the shark’s life history strategy (Cortés et al. 2015). Similar challenges plague numerous
migratory fishes.
The analytical synthesis of these independently collected indices within stock assessment models
can be problematic if several of the indices show contrasting patterns over time. These conflicting indices
are likely due to the inherent noise (annual variability or observation error; Cortés et al. 2015) and complex
life cycles (i.e., multi-year reproductive periodicity and accompanying movement patterns), compounded by
a spatio-temporal mismatch between annual movement (or migration) and sampling (i.e., an earlier shark
migration before a survey samples one area would result in an observed decline in catch rates, suggesting a
false population decrease). Consider that two opposing indices of abundance measuring the same stock
cannot both be representative of the total stock biomass, so it is inappropriate to average them within a stock
assessment model (Hoyle et al. 2014; Francis 2017). Though, conflicting data must be analyzed in the context
of process error (Maunder and Piner 2017). These frequently opposing trends send conflicting information
to the stock assessment model (Cortés et al. 2015; Maunder and Piner 2017), such that assessment results are
necessarily based on a weighted average of the conflicting information (Maunder and Wetzel 2013) and are
thus inherently biased (Wilberg and Bence 2006; Maunder and Punt 2013), necessitating a more reliable way
to assess wide-scale abundance of these valuable species.

Abundance Index Reconciliation
Given the variable nature of indices of relative abundance, the SEDAR 21 (2011) assessment team
highlighted the need to ensure that indices of relative abundance were actually measuring changes in
underlying abundance, and were not simply an artifact of some other cause, suggesting factor analysis as a
method to compare trends (Conn 2010a). Consequently, SEDAR 21 implemented an index compilation
approach outlined in Conn (2010b; e.g., the Conn method), a hierarchical model assuming the presence of
both sampling and process error. This method of abundance index reconciliation was implemented as a
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sensitivity analysis in the assessment model (SEDAR 2011), and demonstrates the need to understand
underlying stock dynamics in the context of messy abundance indices.
Dynamic factor analysis (DFA) is a multivariate dimension reduction technique designed to detect
common, latent trends from a collection of input time series. Dynamic factor analysis allows for
accommodation of short, non-stationary time series, commonly encountered in ecological data, input time
series with missing data, and covariation between time series (Zuur et al. 2003a; Zuur et al. 2003b; Holmes
et al. 2014). The popularity of DFA within fisheries science has increased in recent years (e.g., Zuur and
Pierce 2004; Sousa et al. 2006; Zuur et al. 2007; Azevedo et al. 2008; Katara et al. 2011; Linares and Tíscar
2011; Bers et al. 2013; Tam et al. 2013; Colton et al. 2014; Stachura et al. 2014; Buchheister et al. 2016;
Vasilakopoulos and Maravelias 2016; Cline et al. 2017; Latour et al. 2017; Dolder et al. 2018; Dorner et al.
2018; Ohlberger et al.2018; Goethel et al. 2019), leading to the development of a Bayesian implementation
(Eric Ward, NWFSC NOAA Fisheries, personal communication) and a spatial DFA variant (Thorson et al.
2015). Recently, Peterson et al. (2017b) used DFA to reconcile conflicting indices of relative abundance for
seven coastal shark species along the east coast of the United States, suggesting increasing abundances for
all stocks analyzed (sandbar, tiger, spinner, blacktip, Atlantic sharpnose, bonnethead, and the Atlantic stock
of blacknose sharks), except one (the Gulf of Mexico stock of blacknose sharks).
Azevedo et al. (2008) used DFA to identify underlying, common trends from CPUE-based indices
of relative abundance on two species of Iberian anglerfish. Common trends extracted for the white anglerfish
(Lophius piscatorius) were then input into a biomass dynamic stock assessment model, and resulting
parameter estimates had lower associated bias and produced more realistic estimates of intrinsic growth rate.
The authors proposed that this method was preferable to utilizing contradicting or diverging indices of
abundance or arbitrarily removing unfavorable indices, and that this method could be extended to more
complex, age-based assessment models (Azevedo et al. 2008).

Stock Assessment
The purpose of a stock assessment is to unite multiple sources of information about a population
(e.g., catches, survey trends in abundance, growth, movement, mortality) using quantitative models to assess
the status of the population and to provide management advice (Hilborn and Walters 1992). Statistical catchat-age models are commonly used to assess fish stocks, and while the exact equations may differ due to
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specific assumptions, the general idea is that a stock is constructed of an assemblage of cohorts (i.e., ageclasses) and the number of individuals of that cohort alive next year is a function of the number of individuals
of the cohort alive this year, less those removed due to fishing mortality and those removed due to natural
mortality. A main advantage of statistical catch-at-age models is the capacity to accommodate auxiliary
information, including the structure of the stock-recruitment relationship and fishing effort data, which leads
to stabilized assessment models and the ability to estimate additional parameters such as stock abundance,
fishing mortality, and selectivity curves (Deriso et al. 1985, Hilborn & Walters 1992). The addition of
auxiliary information further adds observations, thereby increasing statistical power (Quinn & Deriso 1999).
The incorporation of several sources of information within a single statistical analysis is generally referred
to as integrated analysis (Maunder and Punt 2013).
Integrated analysis is appealing, because it allows for inclusion of all data in a relatively raw format,
ensures consistency of model assumptions, captures and propagates uncertainty, easily allows for sensitivity
analyses of each data set or assumption, and improves ability to detect model misspecification.
Corresponding to the substantial benefits of integrated analysis, disadvantages include increased risk of
model misspecification, increased model complexity which leads to challenges reaching model stability,
increased computational requirements, parameter confounding, data conflict between alternative sources of
information, and decreased transparency for stakeholders (Maunder and Punt 2013).
Stock Synthesis is a widely used integrated analysis statistical catch-at-age assessment framework,
which allows for the inclusion of many sources of data, including fishery effort, indices of relative abundance,
age-, length-, and weight-composition, discards, sex- and area-specific information, and tagging data
(Maunder and Punt 2013; Methot and Wetzel 2013). The Stock Synthesis framework is broadly scalable
between simple, data-limited stocks and highly complex, data-intensive analyses (Wetzel and Punt 2011;
Methot and Wetzel 2013), even within a single assessment (Methot and Wetzel 2013). Given its widespread
use, a user-friendly graphical user interphase (GUI), associated R package (r4ss; Taylor et al. 2015), and
additional extensions (e.g., ss3sim; Anderson et al. 2014) have been developed in association with Stock
Synthesis. A clear benefit of a widely used platform, like Stock Synthesis, is that many assessment scientists
are familiar with the framework, enhancing communication and efficiency (Methot and Wetzel 2013).
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Management Recommendations
The overfishing limit is a scientifically derived product of a stock assessment defined as the annual
catch at maximum sustainable yield (MSY), obtained by fishing at the rate FMSY. Note that the MSA clearly
specifies MSY as the basis for management advice, and indicates that MSY proxies should be adopted when
MSY cannot be estimated using available data (MSA 2007). By definition, the acceptable biological catch is
necessarily equal to or less than the overfishing limit (Figure 1), thus accounting for scientific uncertainty in
the overfishing limit, and is set by the Science and Statistical Committee of the appropriate Regional Fishery
Management Council using harvest
control rules (HCRs; MSA 2007).
Scientific uncertainty encapsulates
process

uncertainty

(natural

variability that cannot be modeled),
observation

uncertainty

(uncertainty resulting from only
sampling

a

portion

of

the

Figure 1. Graphic used to depict the guidance on establishing
overfishing limits outlined in National Standard 1 (MSA 2007).

population and measurement error), model uncertainty (inability of models to completely capture the
underlying dynamics of the system), and estimation uncertainty (uncertainty in estimated model parameters;
Francis 1997, MSA 2007). In theory, if current biomass and the fishing mortality above which overfishing
occurs are well known, acceptable biological catch could be set very close to the overfishing limit (MSA
2007). However, in practice, scientific uncertainty generally necessitates a larger separation between the
overfishing limit and acceptable biological catch. Harvest control rules are functions that use stock
assessment results to determine appropriate harvest levels for a stock (De Oliveira et al. 2008), although
HCRs can be determined without conducting stock assessments.
Annual catch limits, which are less than or equal to the acceptable biological catch (Figure 1), are
established by the Council in an attempt to account for uncertainties associated with management
implementation and other ecological, social, and economic factors (Francis 1997, MSA 2007, Carruthers et
al. 2014). Factors considered include the ecological considerations of forage fishes, economic market
conditions, and social and economic stability (MSA 2007). Note, it is generally recommended that stocks be
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given an annual catch target. Though not required, the annual catch target allows for in-season accountability
measures, or management controls designed to prevent the annual catch limit from being exceeded. For
example, once a fishery reaches the annual catch target, quotas may then become further restricted or the
fishery is closed allowing for some ‘leftover’ catch to be landed, which should bring the fishery to the annual
catch limit.
Two exceptions from annual catch limit and accountability measure specification are listed in the
MSA (2007); these include (1) species for which the life cycle is approximately one year or less, and (2) for
stocks or stock complexes that are subject to management under an international agreement. If international
fisheries are found to be overfished for stocks without management measures in place to end overfishing, the
United States must immediately act, in conjunction with other relevant international parties, to end
overfishing (MSA 2007). Atlantic HMS are currently managed under the MSA and the Atlantic Tunas
Convention Act via the consolidated Atlantic HMS Fishery Management Plan (NMFS 2006).
Within the limited number of assessed U.S. shark stocks, the acceptable biological catch is defined
as the 30th percentile of the overfishing limit distribution. Functionally, this assumes a 30% estimation
uncertainty-based buffer around the overfishing limit or that the probability that overfishing will not occur is
≥70% (NMFS 2013, Cortés et al. 2015). When a stock is found to be overfished, it must be rebuilt within a
biologically appropriate rebuilding timeline (MSA 2007). In overfished shark fisheries, the acceptable
biological catch is that which is expected to produce a ≥70% probability of rebuilding (B>BMSY) by the end
of the rebuilding timeline. The annual catch limit is set equal to the acceptable biological catch and is
allocated for commercial, recreational, and discard components of the fishery. When 80% of the annual catch
limit has been reached within the commercial shark fishery, the fishery can be closed to prevent overfishing
(NMFS 2013, Cortés et al. 2015).

Harvest Control Rules
Harvest control rules (HCRs), also called decision rules or harvest strategies, are functions that
convert information about a fish stock, typically obtained from stock assessments, into proposed management
actions (e.g., total allowable catches; TACs; De Oliveira et al. 2008). These HCRs are quantitative plans that
specify how fishery regulations should be adjusted based on stock condition and data availability, dependent
on additional external factors (e.g., economy, conditions of other stocks), while accounting for uncertainty.
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As such, risk policies detailing the balance between the probability of overfishing and the loss of fishery
yield must be considered (Hilborn and Walters 1992). The ‘best’ harvest strategies, as decided using the
management strategy evaluation (MSE) framework, are not necessarily those that perform optimally for any
one objective, but rather, satisfactorily maximize the performance of the fishery with respect to competing
management objectives (Holland 2010).
The three most common control rules include: constant catch, constant fishing mortality rate, and
constant escapement:
•

Constant catch control rules specify a quantity of fish that can be removed each year, regardless of stock
size (Yield = C, where C is a constant). The constant catch approach is typically used when there is a
lack of sufficient information or the inability to regularly update catch limits (Punt 2010). As such, it is
a fairly easily understandable approach that does not require regular stock assessments (Punt 2010),
although it will eventually lead to overexploitation at low stock sizes (Deroba and Bence 2008; Punt
2010). Therefore, it is generally recommended that constant catch control rules should not be used (Punt
2010).

•

Constant fishing mortality rate control rules maintain a constant fishing mortality rate (Yield = F × B,
where F is the pre-determined constant fishing mortality rate, F, and B is the current biomass). Under
this harvest scenario, harvest is prescribed as a fixed proportion of estimated stock abundance (Deroba
and Bence 2008). This control rule is attractive because it is responsive to stock size, while maintaining
a relatively stable level of catch (Punt 2010). However, when F is set too high, the population will tend
towards zero (Quinn and Deriso 1999).

•

In a constant escapement control rule, all biomass greater than a fixed target level can be harvested
0,
(Deroba and Bence 2008; 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = �
𝐵𝐵 − 𝑇𝑇,

𝐵𝐵 < 𝑇𝑇
, where T is the target biomass level).
𝐵𝐵 ≥ 𝑇𝑇

Consequently, the population size remains relatively constant over time (Punt 2010). The advantage of

this method is that it has been shown to produce high yields (Deroba and Bence 2008); although, constant
escapement control rules also result in high variability in catch. This HCR is usually reserved for
semelparous (spawn once then die) species (Quinn and Deriso 1999; Deroba and Bence 2008; Punt
2010).
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Additional variants of these control rules are common and are noted below (as discussed in Deroba
and Bence 2008). Conditional constant catch is a variant on the constant catch control rule, and removes a
constant catch each year up until the fishing mortality rate reaches a threshold, after which the control rule
reverts to constant fishing mortality or a new, lower constant catch �𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = �

𝐶𝐶,
𝑓𝑓(𝐵𝐵),

𝐵𝐵 ≥ 𝑇𝑇
�. The benefit
𝐵𝐵 < 𝑇𝑇

of this control rule is that it maintains stability in catches at high stock sizes, while avoiding excessive fishing
mortality at low stock sizes.
The constant escapement control rule is a special variation of a threshold control rule

𝑓𝑓 (•),
�𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = � 1
𝑓𝑓2 (𝐵𝐵),

𝐵𝐵 < 𝑇𝑇
; Quinn and Deriso 1999�. Various cases of threshold control rules have been
𝐵𝐵 ≥ 𝑇𝑇

explored, in which one control rule predominates (e.g., constant fishing mortality or constant catch) until the
stock size reaches a threshold, after which instantaneous fishing mortality or catch is set to zero, or it
proportionally decreases with stock size (termed biomass-based or adjustable rate control rules; Deroba and

Bence 2008). Threshold harvest control rule strategies can be expanded to include multiple breakpoints (e.g.,
40-10 rule used to manage groundfish off the US west coast; Punt 2010). Less common harvest strategies
include: periodic harvest strategies, sex-specific harvesting (which was notably found to be an optimal
harvest strategy in the North Pacific blue shark fishery, Kai and Yokoi 2017), and size-limit strategies
(Hilborn and Walters 1992). In addition to annual catch quotas, further implementation methods that could
be applied for elasmobranch species include: season lengths, closed areas, gear limitations, effort limits, and
size limits (Hilborn and Walters 1992, Ellis et al. 2008).
A number of HCRs have also been developed for data-limited fisheries. These data-limited HCR
methods can be categorized into three groups: (1) catch-based methods—which only require a time series of
catch as inputs, (2) depletion-based methods—which use assumptions about historical depletion and life
history information to adjust catches, and (3) abundance-based methods—which require estimates of absolute
abundance (Carruthers et al. 2014).
A notable challenge in implementing HCRs, is that the parameters of a given rule must be specified
(e.g., in a threshold strategy, the threshold levels and rates before/after the thresholds must be designated). In
circumstances where optimal harvesting policies cannot be determined due to insufficient information,
various biological reference points may be used to guide future management recommendations and stock
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status (Quinn and Deriso 1999). In practice, biological reference points (e.g., BMSY and FMSY) are typically
used as reference levels for these purposes (Punt 2010).

Management Strategy Evaluation
Overview
Management strategy evaluation (MSE) is a simulation framework designed to test the relative
success or effectiveness of alternative management procedures or strategies (MPs) across a range of
uncertainties. Functionally, the MSE framework includes an operating model, a data-generating process, an
estimation model, a decision rule, and an implementation process (Sainsbury et al. 2000; A’mar et al. 2008).
Typically, a set of candidate HCRs are tested and compared using a simulated population with feedback
between the HCR and the simulated population. The simulated population comprises the operating model,
and is used to generate and parameterize the ‘true’ state of nature, or the real state of the simulated system
against which the estimated parameters will be compared. Multiple OMs are regularly developed, each
reflecting an altered hypothesis of the underlying fishery and/or life history dynamics and thereby
encompassing the full suite of uncertainty in the system. The data-generating process, or observation model,
simulates the scientific process of monitoring and collecting data from the stock. An estimation model (e.g.,
assessment model) is used to assess the state of the simulated stock. A decision rule, or HCR, takes the result
of the estimation model and assigns a management action (e.g., total allowable catch/annual catch limit),
while the implementation process applies the assigned management action to the simulated stock in the
subsequent time step.
Together, the data-generating process, estimation method, control rule, and implementation
procedure comprise an MP (Sainsbury et al. 2000). Accordingly, MSEs can be used to address any question
arising within this management procedure framework, including questions regarding operating model
complexity (including environmental and/or ecosystem effects, spatial structure, fisher behavior, etc.), data
collection (quantity, quality, cost, and efficiency), stock assessment approaches (model complexity for datarich and/or data-poor species, biological reference points, etc.), HCRs (form and parameterization of HCR,
single-/multi-species and environmental considerations, data availability, etc.), and MP implementation
(including schedules to update MPs, assessment frequency, etc.). A successful MP will be robust to
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uncertainty, satisfactorily meet management goals outlined by various stakeholder groups, and be realistically
implementable provided available data and resources (e.g., Punt and Donovan 2007; De Oliveira et al. 2008;
Pilling et al. 2008; Holland 2010; Punt et al. 2016).
Use of MSE has been increasing globally and within the U.S. Despite some concerns with respect
to MSE implementation within the U.S., including the legality of choosing an MP that could lead to
overfishing at some point throughout the simulation (Holland 2010), MSE does have a place and purpose
within the U.S. (Punt et al. 2016), such as ensuring allocation of a sufficient buffer for uncertainty when
designating HCRs (Wiedenmann et al. 2013). Moreover, the MSE framework follows the precautionary
approach as outlined by FAO (1996). The framework is extremely flexible and generally succeeds in
involving relevant stakeholders into the management process and thereby increasing transparency, forcing a
quantitative definition of management objectives, identifying multiple sources of uncertainty, promoting a
long-term view of the resource, and highlighting future research priorities (Butterworth and Punt 1999; De
Oliveira et al. 2008). At the very least, MSE can rule out MPs that will not work in a given fishery (Sainsbury
et al. 2000).
Lastly, following the adoption of an MP, it is important to consider the need for a formal protocol
for reviewing the MP performance in the real world (Holland 2010; Punt et al. 2016). This practical review
allows scientists and managers to adjust for any problems that arise in real application. Holland (2010)
specifically suggested that a schedule for MP performance review be outlined along with the management
recommendation, including a procedure for more immediate actions if the MP fails prior to the designated
review timeline. This recommendation lends motivation to the idea that the length of the intervals between
assessment updates should be investigated.

MSE Motivation
Several studies have attempted to identify optimal HCRs using a management strategy evaluation
(MSE) framework (e.g., Punt et al. 2005; Punt and Donovan 2007; A’mar et al. 2008; Irwin et al. 2008;
Wilberg et al. 2008), and Pilling et al. (2008) suggested utilization of MSEs for HCR selection particularly
in data-poor situations (e.g., Wiedenmann et al. 2013; Carruthers et al. 2014; Wiedenmann et al. 2017).
Unfortunately, studies that have attempted to define optimal harvest strategies for fishes of varying lifehistory strategies have excluded representation of K-selected species (Wetzel and Punt 2011) or noted
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additional difficulty and poor performance of HCRs for species with slow-growing life history strategies
(Punt et al. 2005; Wiedenmann et al. 2013). Wetzel and Punt (2011) noted that stock dynamics of slowgrowing species may present substantial challenges within assessments, particularly when the species are
data-limited, motivating the future development of HCRs for slow-growing species.
While MSEs have been conducted on shark species in Australia, results indicated that none of the
traditional harvest strategies considered performed well enough to allow short-term recovery of the shark
population (Punt et al. 2005). To date no MSE has been attempted on coastal shark species within the United
States, and Cortés et al.’s (2015) main recommendation was to develop and conduct an MSE to develop
HCRs for elasmobranchs within the U.S. Given the unique life history strategy of sharks relative to other
teleost species and the general data limitations of these stocks, the SEDAR 21 review panel particularly
recommended simulation studies, specifically MSE, to improve assessments (SEDAR 2011).

MSE Process
The basic steps of the MSE approach as outlined in Punt et al.’s (2016) best practices guidelines are
as follows: (1) specification of management objectives, (2) identification of uncertainties, (3) development
of a set of operating models, (4) conditioning of the operating models, (5) identification of candidate
management strategies to be tested, (6) application of management strategies, and (7) summarize and
interpretation of results.
1.

Specification of management objectives
Conceptual goals need to be framed as quantitative, operational objectives defined in relation to

resulting performance statistics (e.g., goals such as ‘reduce overfishing’ must be redefined to, for example,
annual instantaneous fishing mortality, F, does not exceed fishing mortality that would result in harvest of
maximum sustainable yield, FMSY, in any year of the simulation). The performance statistics are the metrics
against which alternative HCR performances will be measured and define the extent to which the HCR met
the management objectives (e.g., number of years that F exceeded FMSY in the simulation). The performance
metrics should be varied enough to demonstrate the trade-offs between alternative management strategies
(Francis and Shotton 1997; Holland 2010).
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Note that it is common for management objectives to be in conflict with one another (e.g.,
maximizing catch versus minimizing risk to the resource; Butterworth and Punt 1997; Kell et al. 2007). In
some cases of conflicting objectives, despite a lack of objective protocol, various operating models (e.g.,
competing states of nature) are weighted by plausibility within MSEs, such that the selection of an optimal
MP can be based on the weighted sum of the performance statistics (e.g., Butterworth and Punt 1997 and
references therein). In cases where management objectives conflict, presentation of results and ultimate
selection of a ‘best’ management strategy must take special consideration.
Involvement of stakeholders and decision-makers within this step has been strongly emphasized as
a central tenant of the MSE framework to ensure that the management objectives are representative and
inclusive of all affected parties (Holland 2010; Punt et al. 2016). Though in practice stakeholder involvement
is still relatively rare (Punt et al. 2016; examples include: Irwin et al. 2008, Wilberg et al. 2008, Mapstone et
al. 2008, among others). Consequently, performance statistics should be understandable by managers and
stakeholders (Francis and Shotton 1997).
Anticipated interest groups relevant to the management of the sandbar shark are proposed as follows
(considering the interests of non-commercial stakeholders as recommended by Holland 2010):
Commercial fishermen targeting sharks: Commercial fishers generally aim to maximize profits by
maximizing harvest, minimizing costs/effort, and maximizing price. While the true objective associated
with this interest would be maximizing profit, for the purposes of the current analyses, we will make the
simplifying assumption that increasing revenues correspond to increased catch. Thus, a goal may be to
maximize total allowable catch (following e.g., A’mar et al. 2008, Irwin et al. 2008, Wiedenmann et al.
2013, 2017). Considering the more complex underlying economic dynamics that exist in any fishery,
this is a clear assumption to revisit in a subsequent analysis. Commercial fishers are also usually opposed
to large variability in total allowable catches, indicating that quota stability is also an important goal.
While sandbar sharks, with their large body sizes, close proximity to land, and large fin sizes, are
particularly commercially desirable, smaller coastal shark species, like Atlantic sharpnose shark are not
as commercially viable (Dulvy et al. 2014). Further, we may want to consider the average body size of
harvested catch, assuming that larger body size would be preferred (Irwin et al. 2008).
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Recreational/charter fishermen: The importance of sharks as a recreational target species increased in the
mid-1970s (Stevens et al. 2000; Castro 2013). Recreational shark fisheries have shifted from catch-andkill to primarily catch-and-release beginning in the 1990s (Gallagher et al. 2016). Hence, we anticipate
that the goals of the recreational and charter shark fishers are to maximize fight time and quality, size
and condition of animals captured, and increase the number of fish they are able to catch within a single
trip (which effectively translates into increasing abundance and increasing abundance of older
aged/larger fish).
Commercial and recreational fishermen targeting non-shark species: These stakeholders likely want to reduce
the population size of sharks because of shark-induced depredation. Sharks not only cause damage to
fishermen’s target catch and fishing gear (Mitchell et al., 2018; Carlson et al., 2019; Tixier et al., 2020),
but alter fishers’ behaviors, as many avoid good fishing areas to evade sharks, thereby affecting their
resource expenditures and fishing capacity (C. Peterson, personal observations). These stakeholders are
likely interested in reducing the shark populations to reduce the physical and monetary damage that
sharks cause to their livelihoods.
Note that sharks are also routinely captured as bycatch in other fisheries. It is possible that other
commercial fishers would prefer to either not capture sharks as bycatch, or to be able to keep and profit
from shark bycatch. These objectives would conflict, representing a goal of decreasing the abundance or
catchability of sharks versus increasing stock size to support an expansion of the fishery (more incidental
permits allowed).
Conservation groups: Given the high-profile and charismatic nature of sharks, there are several conservation
groups dedicated to the conservation of sharks for ethical and intrinsic purposes. The public perception
of sharks has shifted dramatically over the past 50 years (Castro 2013), and the interest in shark
conservation is generally increasing (Simpfendorfer et al. 2011). It has also been controversially argued
that sharks play an important role as top-down regulating apex predators (Heithaus et al. 2008, 2010;
Grubbs et al. 2016) and that the presence of top predators within an ecosystem increases the stability and
resiliency of the system (Britten et al. 2014). Conservation groups are most interested in reductions in
fishing pressure and promoting population growth.
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Ecotourism organizations: Further, public interest in sharks has led to growth of shark-related ecotourism
industries, including scuba-diving, snorkeling, and shark cage-diving. The value and public participation
of shark ecotourism-related industries is quickly increasing (Gallagher and Hammerschlag 2011).
Estimates by Cisneros-Montemayor et al. (2013) reveal that over $314 million are spent on shark
ecotourism globally, with the potential to more than double over the next 20 years. Proponents of shark
ecotourism frequently cite that several tourism-related shark species are worth more alive than dead
(Gallagher and Hammerschlag 2011 and references therein). Given that these businesses are wholly
dependent on sufficient numbers of sharks to be available and visible for patrons, a clear objective of
these organizations would be conservation and increasing the abundance of sharks.
MSA: It is also important to remember that despite representing a Highly Migratory Species-designated
species, we seek to follow the MSA (Magnuson-Stevens Fishery Conservation and Management
Reauthorization Act of 2006) for domestic fisheries, which prohibits overfishing and mandates that
overfished stocks be rebuilt (MSA 2007).

As a general rule, Quinn and Deriso (1999) note that, on average, an HCR that increases harvest
will typically increase variability in harvests, such that in addition to considering annual catch size, the
resulting variability in catch resulting from the use of an HCR should be considered. Punt et al. (2016)
recommended that at a minimum, performance statistics should report on average catch, variation in catch,
and the impact on stock size. In addition to these basic performance statistics, we can add maintaining shark
populations at as low a level as possible (i.e., equal to and not greater than MSY) for commercial fishers
targeting species other than sharks, maintaining stock sizes as high as possible for shark ecotourism
stakeholders and conservationists, and increasing age/size composition of sharks for commercial and
recreational fishers.
Thus, performance statistics explored should consider median annual and cumulative catch, annual
stock size relative to BMSY, average annual variability in catch (AAV), and annual median length of the
population. Conceptually difficult metrics such as coefficients of variation (CVs) and standard deviations
(SDs) should be avoided to promote understanding for stakeholders and decision makers (Francis and Shotton
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1997; Punt et al. 2016). Further, Punt et al. (2016) cautioned against imposing too many performance
statistics.
2.

Identification of uncertainties
Including a sufficient and realistic range of uncertainties is essential to the success of the MSE

framework. As stated by Kell et al. (2007), even though we will rarely be able to accurately predict the
response of a fish population to management, we can assess which management strategy will work best on
average across the range of uncertainties considered. Consequently, the success or failure of an MSE hinges
on the underlying operating models’ ability to fully capture the range of uncertainty relevant to the system
(Butterworth and Punt 1999; De Oliveira et al. 2008).
Francis and Shotton (1997) outlined six (subsequently reduced to five by Punt et al. 2016) sources
of uncertainty:
1.

Process uncertainty: the underlying and irreducible stochasticity inherent in a population

2.

Observation uncertainty: the uncertainty attributable to the fact that only a segment of the population
is being sampled, and measurement error

3.

Model uncertainty: the inability of mathematical models to completely capture the core dynamics
of the system, including assumed error structure

4.

Estimation uncertainty: the inherent inability for estimation procedures to exactly estimate
parameters with infinite precision

5.

Implementation (and institutional) uncertainty: the inability to ensure that management
recommendations are carried out precisely and appropriately monitored
All MSEs should consider process uncertainty, particularly with respect to recruitment, as well as

productivity and absolute stock size (Punt et al. 2016). If relevant, a suite of additional process, observation,
and/or model uncertainties should be considered, including: form and parameterization of the stockrecruitment relationship, extent of variability around the stock-recruitment relationship, occasional
catastrophic mortality or recruitment event, quality and precision of input data (in the form of CVs and
effective sample sizes), changes in the catchability–abundance relationship, changes in fishery-independent
survey bias, survey/sampling frequency, ageing error, bias of the historical catch record, non-stationarity
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(changes in stock-recruitment relationship, natural mortality, carrying capacity, growth and selectivity),
implementation uncertainty, spatial structure, and initial stock size (Punt et al. 2016).
Uncertainties particularly relevant for the current application include: natural mortality, recruitment
variability, parameterization of the low-fecundity stock-recruitment (LFSR) relationship, form of the stockrecruitment relationship (also consider Beverton-Holt), survey CVs, unaccounted for changes in catchability
(i.e., producing indices of relative abundance that are not representative of the trend in abundance),
treatment/estimation of discards, and implementation uncertainty.
3.

Development of a set of operating models
The operating model should be representative of the biological system on which management will

be applied. Various operating models should be applied and conditioned to represent the substantial
uncertainties in the underlying dynamics of the stock and the fishery. Performance across OMs will signify
which MPs are robust to uncertainty and thus likely to perform the best in application.
4.

Conditioning the operating models
Conditioning of the operating models involves fitting the OM to real-world available data to define

stock parameters and parameter uncertainty. When operating models are conditioned on available data, then
simulated data generated from the operating model will remain consistent with previous data (De Oliveira et
al. 2008). Operating model conditioning will vary for alternative scenarios, each representing a distinct
hypothesis regarding uncertainty and thereby representing a unique state of nature.
5.

Identification of candidate management strategies
A management procedure is comprised of a data generating process, estimation (stock assessment)

modeling framework, HCR, and the way in which management advice is implemented (Sainsbury et al.
2000). Each element should be identified and mirror real-world application (Punt et al. 2016). For example,
an MP should only include collection and utilization of data that are available in the fishery being studied.
Given the challenges noted with establishing effective HCRs for sharks (Punt et al. 2004,
Wiedenmann et al. 2013) and the overwhelming advice for precautionary management for slow-growing
sharks (Dulvy et al. 2014), we explored the performance of harvest rate threshold control rules. Threshold
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control rules (as explored in Punt et al. 2004) generally perform the best, given their additional flexibility in
specifying ACLs at variable biomass levels.
6.

Application of management strategies
Punt et al. (2005) outline four steps in the application of each candidate management strategy: (1)

generating the data that would be available for an assessment from the simulated population, (2) fitting a
stock assessment (or substitute) to determine values relevant for the HCR, (3) apply the HCR to obtain a
management measure (e.g., TAC), (4) apply the management measure to the simulated population. This
process should be repeated throughout the simulation experiment, and the feedback mechanism is a central
tenant of the MSE framework, distinguishing it from a risk assessment analysis (Punt et al. 2016). Note that
the simulation period should be 2-3 times the lifespan or generation time of the species under consideration
(Quinn and Deriso 1999; Carruthers et al. 2014)
7.

Summarize and interpretation of results
Management strategy evaluation results should be presented to stakeholders and decision makers in

a way that makes the various trade-offs in the performance of alternative MPs clear. Given that competing
management objectives are identified in almost every application, no singular MP will uniformly perform
the best for all objectives, and the comparative performance is an important consideration when selecting an
MP for application (Sainsbury et al. 2000; Holland 2010; Punt et al. 2016). If alternative operating models
can be sensibly ranked or categorized in terms of plausibility, then resulting management strategy
performance can be weighted or sorted into ‘reference’ and ‘robustness’ categories to more heavily consider
the performance of the more likely scenarios (Butterworth and Punt 1999; Punt et al. 2016). Punt et al. (2005)
also recommended presenting results with reference to a ‘reference harvest strategy,’ which should
reasonably balance utilization and conservation of the resource, to simplify results.

Project Goals
The primary goal of this dissertation was to advance approaches of observing, assessing, and
managing U.S. Atlantic coastal sharks, and can be decomposed into two general themes (with associated
specific goals):
1.

Proper interpretation and utilization of conflicting indices of abundance for coastal sharks
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a.

Determine the best practices for implementing DFA to reconcile conflicting indices of
abundance

b.

Determine whether DFA-derived trends can replace conflicting indices of abundance
within a stock assessment model

2.

Exploration of appropriate MPs via MSE
a.

Determine the most appropriate HCRs for Atlantic coastal sharks

b.

Provide recommendations regarding the timing of assessment updates for Atlantic coastal
sharks

Study Species
Analyses for the first overarching goal were based on the biology and previous assessment of two
representative species, including a large coastal shark (LCS) and a small coastal shark (SCS) species, while
analyses for the second goal were based on the LCS. Generally, SCS species have a more r-selected life
history strategy (faster growth, higher fecundity, higher mortality, shorter longevity), indicating that they can
withstand higher levels of exploitation, but due to their small body size and fins, they are less desirable target
species. Contrarily, LCS are more K-selected (slower growth, lower fecundity, lower mortality, higher
longevity), can sustainably withstand lower levels of fishing pressure, but comprise a more desirable fishery.
As such, SCS and LCS represent two distinct management groups, designated in the 1993 shark Fishery
Management Plan (NMFS 1993).
The representative SCS species was the Atlantic sharpnose shark (Rhizoprionodon terraenovae).
Female Atlantic sharpnose sharks reach median sexual maturity at 1.6 years (Loefer & Sedberry 2003), have
a maximum longevity of 23 years (Frazier et al. 2015), reach a maximum length of 94 cm total length (TL;
Loefer & Sedberry 2003), reproduce annually, and have an average of 4-5 pups per litter (Castro 2009).
Atlantic sharpnose sharks off the Atlantic coast and within the Gulf of Mexico were most recently assessed
as a cumulative population in SEDAR 34 (2013) using a state-space, age-structured production model, which
indicated that the stock was not overfished and overfishing was not occurring in 2011. Recent genetic
evaluation has revealed previously undiscovered population structure between Atlantic sharpnose sharks
inhabiting the Gulf of Mexico and the northwest Atlantic (Davis et al. 2019). These newly noted genetic
differences are also reflected in differences in life history characteristics (Carlson and Baremore 2003; Loefer
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and Sedberry 2003; SEDAR 2013) and limited migration between the Atlantic Ocean and Gulf of Mexico
(Kohler et al. 1998). Life history parameters used for the simulation will be based on individuals from the
Atlantic Ocean (SEDAR 2013).
The LCS analyses were centered on the sandbar shark (Carcharhinus plumbeus), a more slowgrowing species. Female sandbar sharks reach sexual maturity at a median age of 14 years (Baremore and
Hale 2012), longevity is estimated to be 27 years (SEDAR 21 2011), female theoretical maximum length is
183.3 cm fork length (FL; Hale and Baremore 2013), average fecundity is 8 pups (Baremore and Hale 2012),
and the reproductive cycle has been proposed to be two or three years and is therefore modeled as 2.5 years
(SEDAR 2011). Sandbar sharks comprise a single genetic stock in the Atlantic Ocean and within the Gulf of
Mexico (Heist et al. 1995), associated with known migration patterns around the Florida peninsula (Kohler
et al. 1998; McCandless et al. 2005). The most recent assessment of sandbar sharks was run in Stock
Synthesis (SEDAR 54 2017), representing a pseudo-update from SEDAR 21 (2011).
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CHAPTER 2
Dynamic factor analysis to reconcile conflicting survey indices of abundance

Abstract
Stock-wide trends in fish relative abundance are challenging to obtain when a single, comprehensive
survey is unavailable, and multiple, spatially, and/or temporally fragmented surveys must be relied upon
instead. Indices of abundance from multiple surveys frequently have differing trends, resulting in obscured
true abundance patterns of the resource. We use an age-structured simulation model of two coastal shark
species in the southeast United States to explore the performance of dynamic factor analysis (DFA) for
reconciling multiple indices of abundance that are in conflict. Survey-specific time-variation in catchability
was induced to generate conflicting indices of abundance. Key simulation sensitivities included survey
variability, abundance pattern in the resource, and missing years of survey data. We caution against using
DFA when there is no contrast in the underlying stock abundance or when trends in catchability in all surveys
results in no survey that is representative of stock abundance. When multiple representative surveys were
available, DFA proved useful across species in estimating stock-wide trends from conflicting survey indices
with different selectivities, catchabilities, variances, and, to a lesser extent, with missing data. Our results
suggest that resolving contrasting patterns among multiple time-series of relative abundance can improve
understanding of the temporal trend in stock abundance.

Introduction
Fishery-independent trends in relative abundance generated from scientific surveys are one of the
most important inputs to a stock assessment, as they theoretically represent changes in stock size through the
assumption that the resulting indices are proportional to total abundance (Hilborn and Walters, 1992; Francis,
2011). However, for spatially wide-ranging species or species that cross domestic and international
management boundaries, comprehensive population-wide surveys are rarely available. As a result, fisheries
scientists frequently rely on data collected from several independent and spatially fragmented survey
programmes to estimate the patterns of abundance of migratory or transboundary species. Operationally,
multiple survey indices of relative abundance are frequently input into a single stock assessment model, under
the assumption that each survey index provides representative information about the underlying abundance
of the stock (Conn, 2010b; Cortés, 2011; Cortés et al., 2015).
Given the underlying complexities in fish habitat utilization and movement, including seasonal,
ontogenetic, and sex-specific variation, each spatially restricted survey may not provide a representative
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signal of temporal trends in stock size (Conn, 2010b; Francis, 2011). Relatively spatially narrow surveys can
indicate trends in local relative abundance that are not representative of the total stock (Maunder et al., 2006;
Wilberg et al., 2010), and inherently low encounter rates can lead to difficulties measuring relative abundance
(Cook, 2010). Surveys that encounter target species along migratory routes must ensure a spatio-temporal
match between sampling and availability of the resource to ensure adequate characterization of relative
abundance. Further, surveys that only sample a particular portion of the life cycle (e.g. nurseries, migratory
gravid females) or with a limited selectivity are unlikely to reflect trends in total abundance (Maunder et al.,
2006; Conn, 2010b).
Despite sampling the same population, relative abundance trends derived from small-scale surveys
frequently conflict, obscuring identification of the true trend in stock abundance and hindering interpretation
and assessment performance (Francis, 2011; Cortés et al., 2015; Maunder and Piner, 2017). In the context of
conflicting survey indices, it is likely that one or more indices are not representative of the underlying pattern
in stock abundance and should not be considered with the same weight as more representative indices
(Schnute and Hilborn, 1993; Conn, 2010a). Hence, a more reliable way to assess and interpret wide-scale
abundance of highly migratory and transboundary species is needed (Conn, 2010b).
Coastal sharks along the southeast coast of the United States are an example of migratory species
that are challenging to monitor and assess due to their large home ranges and complex migratory and habitat
utilization patterns (Pilling et al., 2008; Cortés, 2011). Given their low economic value, resources supporting
broad-scale shark surveys are not prioritized and are sometimes logistically infeasible (Stevens et al., 2000;
Field et al., 2009; Cortés et al., 2015). Consequently, many shark surveys in the United States are constrained
between state boundaries, resulting in survey index trends that reflect measures of localized relative
abundance across spatial ranges much smaller than the actual distributions of the target population. For
example, in the southeastern United States, shark-directed surveys sample only a few fixed stations or
exclusively sample nursery areas, necessitating additional reliance on non-directed surveys of various gear
types to supplement abundance information. The spatial sparseness of these data does not allow detailed
spatial analyses for the full range of most stocks. Including many disagreeing survey indices that are each
representative of local abundance in a stock assessment model is a violation of the assumption that indices
of abundance are proportional to total stock abundance. Relative abundance from shark surveys also typically
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includes impossibly large interannual variability given the shark’s life history strategy (Cortés et al., 2015).
Time-series of shark relative abundance often conflict, likely due to inherent noise (annual variability and/or
observation error; Cortés et al., 2015) and complex life cycles (i.e., multi-year reproductive periodicity and
accompanying movement patterns, ontogenetic and sex-specific habitat utilization, etc.; Ellis et al., 2008;
Grubbs, 2010; Conrath and Musick, 2012; Simpfendorfer and Heupel, 2012), compounded by a variable
spatiotemporal mismatch between annual movement and sampling (Conn, 2010b). Due to lagging life
history, movement, and comprehensive abundance data, coastal sharks are routinely considered data-limited
species.
Dynamic factor analysis (DFA) is a multivariate dimension reduction technique designed to detect
common, latent trends from a collection of time-series. The approach can accommodate data frequently
encountered in ecology, including short, non-stationary, covarying time-series with missing years of data
(Zuur et al., 2003a; Holmes et al., 2014). The application of DFA has increased in the marine ecological and
fisheries literature (e.g., Colton et al., 2014; Stachura et al., 2014; Buchheister et al., 2016; Jorgensen et al.,
2016; Ouellet et al., 2016; Latour et al., 2017), and DFA has frequently been used to analyze multiple noisy
indices of relative abundance (e.g., Zuur et al., 2003b; Zuur and Pierce, 2004; Chen et al., 2006; Azevedo et
al., 2008; Peterson et al., 2017a).
Through simulation analyses, we tested DFA as a method to reconcile conflicting indices of
abundance and thereby clarify abundance trends of a stock under a variety of scenarios using two
representative coastal sharks off the southeast United States: the large coastal sandbar shark (Carcharhinus
plumbeus) and the small coastal Atlantic sharpnose shark (Rhizoprionodon terraenovae). These two species
were selected because they are the most data-rich species of their respective management units. Survey
indices were simulated to be in conflict by inducing time-varying patterns in the catchability coefficient (q
or the proportionality constant between survey catch and abundance), thereby violating the implicit
assumption of constant proportionality in survey programmes. The applicability of DFA to reconcile survey
indices was also simulated under variable fishing mortality patterns, numbers of surveys, survey index
variability, and with missing years of survey data. Based on our simulations, we present recommendations
for using DFA as a method of reconciling conflicting survey indices.
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Methods
Modeled Species
Female Atlantic sharpnose sharks reach median sexual maturity at 1.6 years (Loefer and Sedberry,
2003), have a maximum longevity of 23 years (Frazier et al., 2014), reproduce annually, and have an average
of 4–5 pups per litter (Castro, 2009). Atlantic sharpnose sharks off the United States Atlantic coast and within
the Gulf of Mexico were most recently assessed as a single stock in SEDAR 34 (2013) using a single-sex,
state-space, age-structured production model. Genetic evaluation has since revealed Atlantic sharpnose stock
structure between the Gulf of Mexico and Atlantic Ocean (Davis et al., 2019). Single-sex life history
parameters used in our simulation were based on individuals from the Atlantic Ocean (SEDAR, 2013; Tables
S1-S2).
Female sandbar sharks reach sexual maturity at a median age of 14 years (Baremore and Hale,
2012), longevity is estimated to be 31 years (SEDAR, 2017), average fecundity is eight pups (Baremore and
Hale, 2012), and the reproductive cycle has been proposed to be two or three years (Baremore and Hale,
2012) and is, therefore, modeled as 2.5 years (SEDAR, 2011). Sandbar sharks comprise a single genetic stock
in the Atlantic Ocean and within the Gulf of Mexico (Heist et al., 1995). The most recent assessment of
sandbar sharks was conducted using Stock Synthesis (SEDAR, 2017), representing a pseudo-update from
SEDAR 21 (SEDAR, 2011). Sex-specific life history parameters used for our simulations were obtained from
SEDAR 54 (2017; Tables S3-S4).

Operating Model
Two separate operating models (OMs) were developed, one for each species of interest. Due to a
lack of sex-specific information for the Atlantic sharpnose shark, a one-sex OM was created for this species
to reflect our limited understanding of sex-specific dynamics within the stock. A single fishery was simulated
where the selectivity was defined as the average selectivity over the four fisheries from SEDAR (2013), and
either three or four surveys were implemented. The sandbar shark OM was a two-sex model, with four
fisheries and seven surveys (SEDAR, 2017), due to the availability of additional biological and fishery
information.
The operating model for both species was developed using an age-structured model:
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𝑅𝑅𝑠𝑠,𝑦𝑦+1
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𝑎𝑎 = 1

1 < 𝑎𝑎 < 𝐴𝐴

(1)

𝑎𝑎 = 𝐴𝐴

where Ns,a,y represents abundance of individuals of sex s at age a and year y, Rs,y is recruitment, Zs,a,y is sex-,
age-, and year-specific total mortality, the age at recruitment is 1, and A is the age of the plus group (A =18
for Atlantic sharpnose shark, A =31 for sandbar shark). In these simulated populations, fishing mortality
occurs simultaneously with natural mortality, and catch is equal to landings, which functionally assumes no
discarding.
Sex-specific annual recruitment (Rs,y) was calculated as the number of pups (Npups) produced
adjusted by the annual age-0 survival:
𝑅𝑅𝑠𝑠,𝑦𝑦+1 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑦𝑦 × 𝑒𝑒 −𝑀𝑀0,𝑦𝑦

(2)

In the two-sex sandbar shark model, we assumed a 1:1 male:female ratio at birth (SEDAR, 2017) and that
the age 0 survival rate was equal for males and females.
Density-dependence was implemented through age 0 instantaneous natural mortality,
𝑀𝑀0,𝑦𝑦 ~𝑁𝑁 {�1 − �

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑦𝑦 𝛽𝛽
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠0

� × (𝑍𝑍𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑍𝑍0 ) + 𝑍𝑍0 � , 𝜎𝜎𝑀𝑀 }

(3)

following the low-fecundity, survival-based recruitment function (LFSR) of Taylor et al. (2013), with added
process uncertainty (arbitrarily defined σM = 0.1) and where Npupsy is the yearly spawning output (in number
of embryos), Npups0 is the spawning output (number of embryos produced) at virgin conditions, β is a shaping
parameter controlling the density-dependent survival of prerecruits (Npups), Zmin is the instantaneous total
mortality that corresponds to maximum survival of prerecruits (Npups), and Z0 is the instantaneous total
mortality of prerecruits at virgin conditions. The number of pups produced each year can be determined by
multiplying yearly abundance of mature females-at-age by their age-specific fecundity summed across all
ages:
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑦𝑦 = ∑𝑎𝑎 𝑁𝑁𝑓𝑓,𝑎𝑎,𝑦𝑦 ×

1

𝑅𝑅𝑅𝑅

× 𝑝𝑝𝑓𝑓,𝑎𝑎 × 𝑓𝑓𝑎𝑎

𝑝𝑝𝑓𝑓,𝑎𝑎 ~𝑁𝑁 �𝑝𝑝𝑎𝑎𝑎𝑎𝑔𝑔𝑓𝑓,𝑎𝑎 , 𝑝𝑝𝑎𝑎𝑎𝑎𝑔𝑔𝑓𝑓,𝑎𝑎 × 𝐶𝐶𝑉𝑉𝑝𝑝 �

(4)

𝑓𝑓𝑎𝑎 ~𝑁𝑁�𝑓𝑓𝑎𝑎𝑎𝑎𝑔𝑔𝑎𝑎 , 𝑓𝑓𝑎𝑎𝑎𝑎𝑔𝑔𝑎𝑎 × 𝐶𝐶𝑉𝑉𝑓𝑓 �

where RP represents the reproductive periodicity (RP =1 for Atlantic sharpnose sharks and RP =2.5 for
sandbar sharks), pf,a represents the proportion of mature females-at-age, and fa represents the fecundity-at-
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age, with associated process error, while pavg,f,a and favg,a are static average maturity-at-age and fecundity-atage vectors. Additional uncertainty in maturity- and fecundity-at-age was based on arbitrarily defined
coefficients of variation (𝐶𝐶𝐶𝐶 = 𝜎𝜎/𝜇𝜇), where the added uncertainty was selected to generally remain

equivalent to or smaller than the differences in maturity and fecundity between ages (CVp = 0.01, CVf = 0.1).
(See Supplementary information for more information on parameterizing the spawner–recruit function.)
Sex-specific catch-at-age (Cs,a,y,i) in each year was calculated across all fleets (i):
𝐶𝐶𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖 = 𝑁𝑁𝑠𝑠,𝑎𝑎,𝑦𝑦 ×

𝐹𝐹𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖
𝑍𝑍𝑠𝑠,𝑎𝑎,𝑦𝑦

× (1 − 𝑒𝑒 −𝑍𝑍𝑠𝑠,𝑎𝑎,𝑦𝑦 )

(5)

where Fs,a,y,i is instantaneous fishing mortality-at-sex, –age, -year, and –fleet, and Zs,a,y represents sex-specific
total instantaneous mortality-at-age and -year. Sex- and age-specific annual instantaneous fishing mortality
for each fleet was calculated as:
(6)

𝐹𝐹𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖 = 𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠,𝑎𝑎,𝑖𝑖 × 𝐹𝐹𝑦𝑦 × 𝜌𝜌𝑖𝑖

where ρi represents proportion of fishing mortality attributed to fleet i. Fleet selectivity-at-sex and -age
(sels,a,i) and ρi were constant over time.
Total sex-specific instantaneous mortality-at-age and -year was calculated by summing fishing
mortality over fleets and natural instantaneous mortality-at-age:
𝑍𝑍𝑠𝑠,𝑎𝑎,𝑦𝑦 = ∑∀𝑖𝑖 𝐹𝐹𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖 + 𝑀𝑀𝑠𝑠,𝑎𝑎
𝑀𝑀𝑠𝑠,𝑎𝑎 ~𝑁𝑁 �𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎

𝑠𝑠,𝑎𝑎

, 𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎

𝑠𝑠,𝑎𝑎

(7)
∗ 0.01�

where sex-specific instantaneous natural mortality-at-age (Ms,a) was stochastically implemented based on the
time-invariant, average mortality-at-age vector Mavg_s,a.
Selectivity-at-age for the Atlantic sharpnose shark was obtained from SEDAR (2013). Fishery
selectivity was dome-shaped, while selectivity for each survey followed a logistic curve. Sex-specific, lengthbased selectivity of sandbar sharks was available in SEDAR (2017). Length-based selectivity was converted
to selectivity-at-age by converting length bins to age using sex-specific von Bertalanffy growth parameters,
then fitting selectivity-at-age using Stock Synthesis selectivity helper Excel spreadsheets (available via
https://vlab.ncep.noaa.gov/web/stock-synthesis/document-library, accessed June 2020). All sandbar shark
fisheries and surveys followed double-normal or logistic selectivity, and the structural form of the selectivity
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curve was preserved through the conversion to selectivity-at-age. Indices of relative abundance for each sex,
age, year, and survey (Is,a,y,j) were assumed to be related to abundance via:
𝐼𝐼𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 = 𝑞𝑞𝑦𝑦,𝑗𝑗 𝑣𝑣𝑠𝑠,𝑎𝑎,𝑗𝑗 𝑁𝑁𝑠𝑠,𝑎𝑎,𝑦𝑦 × exp �𝜖𝜖𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 −

2
𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗

𝜖𝜖𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖 ~𝑁𝑁�0, 𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 �

2

�

(8)

𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 = 𝑞𝑞𝑦𝑦,𝑗𝑗 𝑣𝑣𝑠𝑠,𝑎𝑎,𝑗𝑗 𝑁𝑁𝑠𝑠,𝑎𝑎,𝑦𝑦 𝐶𝐶𝑉𝑉𝑗𝑗

𝐶𝐶𝑉𝑉𝑗𝑗 ~𝑈𝑈 �𝐶𝐶𝑉𝑉𝑎𝑎𝑎𝑎𝑔𝑔𝑗𝑗 − 0.1, 𝐶𝐶𝑉𝑉𝑎𝑎𝑎𝑎𝑔𝑔𝑗𝑗 + 0.1�

where qy,j represents survey-specific catchability coefficient in each year, vs,a,j is sex-, age-, and surveyspecific selectivity-at-age that was assumed to be constant over time, and standard deviation, σs,a,y,j, is defined
in terms of the survey-specific CVj. Survey uncertainty was implemented with a CVj for each survey j that
varies uniformly around a survey-specific average CV (CVavg_j ± 0.1). Sex-specific indices were summed
across age to produce the final annual index for each survey:
(9)

𝐼𝐼𝑦𝑦,𝑗𝑗 = ∑∀𝑎𝑎 𝐼𝐼𝑓𝑓,𝑎𝑎,𝑦𝑦,𝑗𝑗 + 𝐼𝐼𝑚𝑚,𝑎𝑎,𝑦𝑦,𝑗𝑗

where subscripts f and m indicate female and male indices, respectively. Note that the Atlantic sharpnose
shark scenario was a female-only model.
Models were provided an arbitrary starting population size of recruits (in relative units of number
of individuals), propagated to numbers-at-age using age-specific Ma. The deterministic form of the simulation
was run for 1000 years in the absence of fishing mortality, ensuring the population was equilibrated with
respect to the LFSR parameters at virgin conditions. This deterministically derived abundance-at-age vector
was used as equilibrium conditions for all subsequent fishing scenarios.

Simulated Trials
Including two species in our study allowed us to demonstrate how successfully DFA reconciled
conflicting survey indices across life history strategies and with variable data availability. Within the Atlantic
sharpnose shark simulation, we explored how DFA performance was affected by (1) underlying stock
abundance through altered patterns in fishing mortality, (2) survey variability via altered index CV, (3)
number of surveys by adding a partial, fourth survey, and (4) the presence of disagreeing surveys, generated
by inducing knife-edged and gradual shifts in survey catchability (Table 1; Figure 1).
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The additional complexity of the sandbar shark OM enabled more intricate exploration of the effects
of conflicting indices on the performance of DFA. Within the sandbar shark DFA simulation, we more
comprehensively explored (4) the effects of changing survey catchability patterns, as well as (5) the effects
of missing years of survey data. Variable combinations of the number of surveys that underwent changes in
q (i.e. 0–3 surveys) and the directionality of the change in q (i.e. increasing q or decreasing q) were considered
(Table 2; Figure 1). Note that missing data were based on observed survey indices within SEDAR (2017)
and included indices with missing years and surveys that only span a fraction of the total simulated time-span
(Figure 1). To demonstrate how DFA performs when all survey data have trends in catchability (i.e. all
surveys undergo shifts in survey catchability, with no surveys proportional to abundance), we simulated four
additional (6) “all time-varying catchability” scenarios for the sandbar shark. In each “all time-varying
catchability” scenario, five surveys had trends in survey catchability in one direction and the remaining two
surveys trended in the opposite direction. “All time-varying catchability” scenarios were simulated with and
without missing data (Table 1).
Simulations spanned 65 or 90 years for the Atlantic sharpnose and sandbar sharks, respectively.
Each trial was simulated 100 times to account for variable combinations of uncertainty, and the number of
simulations was kept relatively small due to the complexities of the DFA rescaling approach (detailed below)
and to allow for more in-depth analysis of each trial. Subsequent analyses were based on simulated years 40–
65 for the Atlantic sharpnose shark and 51–90 for the sandbar shark (Figure 1), allowing for a “burn in”
period to enable equilibration to the fishing mortality scenarios (outlined in Table 1) consistent with the
intrinsic population growth rate and representing a more realistic time-series duration for each species
considered.
Atlantic sharpnose shark shifts in survey catchability were either knife-edged (happening in year
50) or gradual (linear ramp over 10–15 years starting in year 50), and survey catchability shifted from 0.00025
to 0.001 (q1) or 0.003 to 0.004 (q3). Sandbar shark patterns in survey catchability ranged from 0.01 to 0.045
or 0.045 to 0.01 from years 51–90 in either a jittered linear or stepwise (change of 0.005 every five years)
manner (Figure 1). In the “all time-varying catchability” sandbar shark scenarios, four survey catchability
patterns experienced random noise superimposed on the linear trend for added variability.
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Induced shifts and patterns in survey catchability were generally sufficiently large in magnitude to
generate survey indices that displayed clearly observable contrast within our simulated scenarios. Though
alternate models for generating time-varying survey catchability were considered, including those produced
via random walks, they resulted in indices with greater agreement. Consequently, these scenarios were
designed to include substantial directional changes that have been shown to cause bias in age-structured stock
assessment models (Wilberg and Bence, 2006).

Dynamic Factor Analysis
The general form of a DFA model can be written as follows, adopting the notation of Zuur et al.
(2003a):
𝑦𝑦𝑡𝑡 = 𝜞𝜞𝛼𝛼𝑡𝑡 + 𝜀𝜀𝑡𝑡 , where 𝜀𝜀𝑡𝑡 ~𝑀𝑀𝑀𝑀𝑀𝑀(0, 𝑯𝑯)

𝛼𝛼𝑡𝑡 = 𝛼𝛼𝑡𝑡−1 + 𝜂𝜂𝑡𝑡 , where 𝜂𝜂𝑡𝑡 ~𝑀𝑀𝑀𝑀𝑀𝑀(0, 𝑸𝑸)

(10)

where yt is a vector of n standardized (Z-scored) time-series at each time t, and αt is a vector of m common
trends (where m < n) that are modeled as a random walk with associated error (ηt; Zuur et al., 2003a, 2003b;
Holmes et al., 2014), Γ is an n ⨯ m matrix containing factor loadings, which indicate how strongly each

resulting trend influences each time series (Zuur et al., 2003a; Zuur et al., 2003b; Holmes et al., 2014). Factor
loadings greater than or equal to |0.2| indicate that the resulting DFA trend strongly describes the
corresponding input time-series (Zuur et al., 2003b; Tam et al., 2013). Both observation and process error

terms, εt and ηt, assume a multivariate normal distribution with mean 0 and covariance matrices H and Q,
respectively. To ensure that the model is identifiable, Q is set equal to the identity matrix I, while H is free
to take on various forms (Holmes et al., 2014). All factor loadings, common trends, and fitted values are
unitless (Zuur et al., 2003b).
In the current study, diagonal elements of the H matrix (observation variances) were defined as the
average survey CV, and the off-diagonal elements were set to zero, functionally assuming that each timeseries was independent (no covariance between survey indices). We elected to use survey CV in place of
survey variances in the H matrix, because CVs are adjusted for the magnitude of the index; further, in
practice, using survey variances in the H matrix can result in overfitting or inflated uncertainty (C. Peterson,
unpubl. data). Though this was a simplifying assumption made in the current analyses, alternative
assumptions could be made in practice, including allowing the model to estimate observation variance and
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covariance (e.g., Peterson et al., 2017a). By defining the elements of the H matrix, we are accounting for
known uncertainty as calculated from survey index standardization. Explanatory variables were not
considered. While the number of common trends produced by the model can vary (where m < n), we defined
m = 1, because we were only interested in obtaining a single trend representative of the underlying trend in
the population.
The fundamental assumptions of a DFA model are equivalent to those of a linear regression, thereby
including normality, independent error, and homogeneity of residuals (Zuur et al., 2003b). Models were fitted
using the state-space multivariate autoregressive modeling package “MARSS” in R (Holmes et al., 2018).
Rescaling approach
It is generally recommended that time-series be detrended and standardized (z-scored) prior to
conducting a DFA, which often includes log-transformation of time-series with lognormal error (e.g., survey
indices; Zuur et al., 2003a; Zuur et al., 2003b; Holmes et al., 2014). Subsequently, the resulting DFA trend,
which is often the solution we are most interested in for stock assessment purposes, is generated in log-space,
on a unitless scale that spans positive and negative values. Under this conventional approach to data
manipulation in preparation for DFA, we are unable to back-transform resulting DFA trends out of an
abstract, log- and unitless-space for successive analyses and interpretation.
We developed a unique approach to rescale the input survey indices in a manner consistent with the
requirements of DFA (z-score), while simultaneously preserving the error structure and the relative scale of
the survey indices, and allowing backtransformation of the resulting DFA index out of detrended, log-scale.
The rescaling approach is as follows: (1) each survey index (Ij) was multiplied by a constant (cj, see following
paragraph), (2) all indices from step 1 were log-transformed, thereby normalizing survey error, (3) each logtransformed survey index from step 2 was centred and demeaned by subtracting and dividing each index by
the survey-specific mean, (4) the global standard deviation (GSD) was estimated for all demeaned survey
indices, collectively (from step 3), (5) each demeaned index was divided by the GSD, comparable to z-scoring
the index, (6) the DFA model was fitted, and (7) the resulting DFA-predicted trend was back-transformed by
first multiplying by the GSD and then exponentiating with bias correction {exp [𝐺𝐺𝐺𝐺𝐺𝐺 × 𝛼𝛼𝑡𝑡 + �

𝐺𝐺𝐺𝐺𝐺𝐺×𝑆𝑆𝐸𝐸𝑡𝑡2
2

�]}.

Annual standard errors estimated by the DFA model were multiplied by the GSD (following the
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transformation of variance rule: 𝑆𝑆𝑆𝑆(𝑎𝑎𝑎𝑎) = 𝑎𝑎 × 𝑆𝑆𝑆𝑆(𝑋𝑋), where a is a constant), representing lognormal error
of the DFA trend.

Prior to log-transforming, each index was multiplied by a constant cj. The choice of cj for each
survey was determined iteratively by arbitrarily defining a vector of all constants for each survey, c = [c1, …,
cn] for all indices j = 1 to n, and adjusting each cj until the following conditions (a–d) were met within the
steps of the rescaling approach outlined above:
(a) The mean of each log-transformed survey index was greater than 0. Note that if the logged survey-specific
mean is close to 0, then the rescaling approach would not work, because we would essentially be
dividing by 0 in step 3. Further, if a survey index is relatively small, then the mean of the logtransformed index may be negative, and dividing by a negative can reverse the trend of the index. In
practice, cjs that resulted in log-transformed survey index means ≳2.5, when possible, produced the
best results.

(b) The resulting GSD was small (GSD<<1). When the GSD is greater than 1, the scale of the backtransformed DFA-predicted trend is affected, resulting in unrealistic predicted changes in abundance.
(c) Most importantly, the standard deviation of each resulting transformed index (step 5) was approximately
equal to 1. This ensures that the format of the input survey index most appropriately approximates a
z-scored index, with a mean of 0 and a standard deviation of 1, as recommended in DFA applications
(Holmes et al., 2014). When c was chosen so that the standard deviation of an input index was greater
than 1, the resulting DFA-predicted trend overfitted the corresponding survey and fit more poorly to
the remaining surveys.
(d) The resulting back-transformed trend should follow changes in magnitude consistent with those of the
survey inputs. Multiple combinations of c can meet the above requirements, particularly when there
are few input time-series, and unfortunately, the choice of c impacts the resulting DFA trend. The
effect of the parameterization of c is greatest in one-way trips, whereas more complex patterns in
underlying abundance are less affected. As such, constants should be chosen to preserve the relative
trend of the input surveys. For example, if the starting and ending points of a (or multiple) largely
reliable input survey(s) change by an order of magnitude of ~2, then the resulting back-transformed
trend may not be appropriate if it changes by an order of 0.5 or 4. Maintenance of a consistent and
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reliable trend that follows the raw survey indices is important. This is obviously challenging if the
analyst is unsure which survey inputs are reliable, and the analyst may have to rely on best judgment
(e.g. compare percent change of the backtransformed DFA predicted trend to the median percent
change of all input survey indices). Note that this recommendation is not important if the magnitude
of change of the resulting DFA index is not of interest.
The general pattern of each survey index should remain similar across each step of the rescaling
protocol, and resulting DFA trends should look comparable to those generated from a traditionally scaled
(survey indices are log-transformed then z-scored) DFA model. We also recommend ensuring that the mean
fit ratio is low (where fit ratioj = Σtyjt2/ Σtεjt2 for each survey index j and the mean fit ratio is the average fit
ratio across all surveys; see Supplementary material), as the mean fit ratio will appreciably increase with a
less ideal vector of constants c.
We emphasize that this rescaling approach is merely a substitute for z-scoring indices prior to
implementation of the DFA. This approach preserves the features of a z-scored time-series (i.e. mean of 0
and standard deviation equal to 1), and ensures that the data transformation is equivalent for each input survey
index such that the resulting DFA trend can be backtransformed. This rescaling process does not impact the
DFA model itself, but is instead an alternative form of data preparation.
Note that given the time-consuming, iterative process of identifying a vector of constants (c) by
which to multiply each survey index in our rescaling approach, we could not estimate a unique c for each
iteration of every trial. Consequently, we estimated c for the first iteration of each scenario, and assumed that
as a single vector for the entire scenario. Based on the simulation results of each iteration assuming the fixed
c, we went back to modify conspicuously incorrect vectors of cs, as observed by obviously overfitted DFA
trends (e.g. very jagged DFA trends that closely track the interannual variability in one survey but are poorly
fitted to others) and very high SDs from step (c) above.

Analyzing Results
Comparison between simulated abundance trends and DFA-estimated trends required
transformation due to the different scales of each trend. Consequently, we compared standardized backtransformed DFA-predicted trends to standardized total abundance using annual relative error
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each trial (e.g. Conn, 2010). Because each trend was standardized, annual relative error is centred on 0, and
thus a wider spread in annual relative error is indicative of a more poorly fitted model. RMSE was calculated
across years and each value was representative of a single simulation iteration. All analyses were conducted
in R (version 3.6.2; R Core Team, 2019).

Results
We present the effects of (1) underlying pattern of population abundance, (2) survey variability, (3)
the number of surveys, and (4) the presence of conflicting survey indices on the ability of DFA to reconcile
disagreeing survey indices of relative abundance and thereby approximate population trends within the
Atlantic sharpnose shark (SN) simulation (Table 1). The sandbar shark (SB) simulation allowed us to expand
on the effect of the number of survey indices (3) and the presence of conflicting indices (4), as well as explore
the effects of (5) missing data on DFA’s ability to reconcile conflicting indices of relative abundance (Table
2). We also present DFA results from (6) the “all time-varying catchability” scenarios where all surveys
experience survey catchability trends over time. Note that throughout the results section, when referring to
DFA performance, we are referring to the ability of the DFA model to predict a resulting common trend that
follows the same trend as the underlying population as measured by annual relative error and RMSE of the
DFA-predicted trend compared to the simulated trend in abundance. Overall, DFA was generally able to
successfully reconcile multiple survey indices, even when those indices were in conflict, and DFA
performance was not affected by species’ life history strategy (Figures 2 and 3).

Underlying Pattern of Population Abundance
Dynamic factor analysis performance was most affected by the underlying trend in population
abundance in the Atlantic sharpnose shark simulation (Figure 4). When there was little contrast in population
abundance (ConstF), DFA did not perform well, as demonstrated by high spread in annual relative error and
high RMSE. When there was clear contrast in the simulated population (i.e. IncF and DecF), DFA performed
extremely well even across variable survey CVs, shifts in the survey catchability coefficient (q), and the
number of surveys. When the population pattern was more complex (UF), DFA performance was good
overall. However, performance declined in trials where surveys were simulated under certain combinations
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of survey uncertainty and shifts in the catchability coefficient (See next section; Figure 5 and Figures S1–S2
in the Supplementary material).

Survey Variability
The variability of each survey index was manipulated by altering survey-specific CVs in alternate
Atlantic sharpnose shark simulation scenarios. Because we specified observation error within the DFA model
(i.e. propagating known observation error), reduced survey CV functionally increased the weight of that
survey on the resulting DFA trend, as observed by greater factor loadings. Overall, the effect of survey
variability had relatively little impact on DFA performance on its own. However, the effects of survey CV
became problematic when combined with shifts in survey catchability (Figure 5 and Figures S1–S2 in the
Supplementary material). For example, under a fishing mortality scenario in which there was little underlying
contrast in the data (ConstF), when a given survey underwent a shift in survey catchability and the CV of
that survey was smaller, the resulting DFA trend had a tendency to more closely follow the shifted trend in
the survey as opposed to the true underlying constant population abundance trend. This tendency was also
observed in more complex fishing mortality scenarios (UF_knife_2, UF_grad_2; SB129, SB135; Figure 5,
Figures S1–S4 in the Supplementary material) and exacerbated in examples with fewer surveys, resulting in
increased annual relative error and RMSE (Figure 4 and Figures S1–S2 in the Supplementary material).

Number of Surveys
The addition of surveys improved DFA performance. Though the addition of an incomplete, fourth
survey (with constant catchability) in the Atlantic sharpnose shark simulation did not have a particularly
noticeable effect under many fishing mortality scenarios (i.e., ConstF and DecF), it improved DFA
performance under the more complex fishing mortality scenario (UF where two surveys conflicted due to
shifts in catchability coefficients; Figure 4, Figures S1–S2 in the Supplementary material).
Under similar population abundance trends and survey specific shifts in survey catchability, the
spread in annual relative error and RMSE was slightly lower for the sandbar shark simulation compared to
the Atlantic sharpnose shark simulation. Despite differences in the complexities of each simulation, this
improvement in DFA performance was likely due to the greater number of surveys in the sandbar shark
simulation (seven) compared to the Atlantic sharpnose shark simulation (three or four; Figure 6).
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Presence of Conflicting Survey Indices
Conflicting survey indices were generated by introducing time-varying patterns in the catchability
coefficient q for selected surveys in both the Atlantic sharpnose and sandbar shark simulations (Tables 1–2).
When all survey indices agreed (i.e. no change in survey catchability), DFA performed very well, though
performance declined in the absence of contrast in the underlying stock abundance.
In scenarios where DFA performed well in the absence of conflicting survey indices, overall
performance remained relatively strong when conflicting indices were introduced. For example, in the
Atlantic sharpnose shark simulation, DFA performed well when there was contrast in the underlying stock
abundance (IncF and DecF). When conflicting surveys were introduced, though performance declined, DFA
was still capable of accurately approximating the latent population trend from conflicting survey indices
(Figures 3–4, Figures S1–S2 in the Supplementary material). Likewise, in the sandbar shark simulation, DFA
performance remained relatively similar when up to three out of seven surveys experienced time-varying
survey catchability (Figure 6, Figures S3–S4 in the Supplementary material).
There were, however, scenarios in which DFA performance broke down when conflicting indices
were introduced. In the Atlantic sharpnose shark simulation, when there was no underlying contrast in the
population size (ConstF), DFA performance declined considerably after the addition of survey conflict. In
these instances, including a shift in survey catchability created a trend in the survey index that was not present
in the population, and the DFA model could not decipher whether the signal was real or an artifact of the
sampling. When the population trend was more complex (UF), conflicting indices hindered the ability of the
DFA model to approximate the trend when three surveys were simulated, particularly when the surveys that
underwent the shift had smaller CVs. When an incomplete, fourth survey was added (that did not experience
a shift in the catchability coefficient), DFA performance improved marginally (Figure 4, Figures S1–S2 in
the Supplementary material).
Moreover, for both species, the direction of the shift in survey catchability relative to the direction
of the population abundance change affected the ability of DFA to estimate an accurate trend. Consider the
notable reduction in DFA performance within SN Trial UF_grad_2 (Figure 5). In this example, two of the
three surveys underwent shifts in survey catchability. Survey 1 (S1) experienced a gradual increasing shift in
q, while survey 3 (S3) underwent a gradual decreasing shift in q. The predominant trend of the underlying
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simulated population was decreasing, such that the shift in q for S1 was in the opposite direction of the
population. Because the variability of S1 was smaller (CV1 = 0.3) compared to S3 (CV3 = 0.7), S1 was more
heavily weighted in the DFA model. Thus, the DFA model placed a higher weight on an index that directly
contradicted the latent population trend, resulting in poorer DFA model performance. Comparing this
response of SN Trial UF_grad_2 to that of SN Trial UF_grad_3, the more heavily weighted survey
experienced a shift in q that was in the same direction as the underlying population trend, and the resulting
DFA predicted trend was more accurate (Figure 5).
In the sandbar shark simulation, where changes in survey catchability were explored in greater
detail, DFA model performance was not greatly affected by increasing or decreasing patterns in catchability
coefficient. However, the greatest reduction in DFA performance under the complete survey index scenario
was observed when the survey with the smallest CV (S4, CV4 = 0.3) was simulated under increasing q with
two other surveys that experienced time-varying increases or decreases in q (Trials SB129 and SB138; Figure
7). Similar effects of equivalent magnitude were not observed when S4’s q was altered in the same direction
as the simulated population (e.g. compare Trials SB129 and SB138 to Trials SB132 and SB135, respectively;
Figure 7). This response was also not distinguishable when surveys experienced missing years of data (see
section on Missing data; Figure 7).
We explored variable patterns of shifting survey catchability, either via knife-edged shifts, gradual
shifts (Atlantic sharpnose simulation), or by maintaining consistent, time-varying increases or decreases of q
throughout the simulated time-series (sandbar simulation). We found that in the Atlantic sharpnose shark
simulation, the DFA model was generally able to more accurately predict the population trend when the shift
in survey catchability was gradual compared to when it was knife-edged (Figures S1–S2 in the
Supplementary material).

Missing Data
To more realistically approximate the quantity of data available in the sandbar shark simulation, we
included the scenario in which several surveys were shorter than the full simulated time-series or had missing
years of data, as emulated from the available information for the most recent sandbar shark assessment
(Figure 1; SEDAR, 2017). The absence of complete survey data significantly reduced DFA performance
(Figure 6). As expected, DFA was less capable of accurately estimating the trend of the underlying population
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when there was less (or no) information available to inform that year (early years in sandbar simulation).
Consequently, the standard errors around the predicted DFA trend were much greater in earlier years when
less information was available. The resulting DFA predicted trends generated under the same circumstances
from missing data compared to complete data scenarios followed similar patterns, though the predictions
from the missing data scenarios persistently underestimated early abundance, and were generally noisier than
their smoother, complete data counterparts.
The effect of conflicting indices on DFA performance in the case of missing data was greater than
when data were complete. Predictably, when the most complete surveys (S1) underwent shifts in survey
catchability, DFA performed more poorly than when the surveys with the fewest years of data (S7) underwent
similar shifts (e.g. compare Trials SB28, 31, 34, and 37 to SB30, 33, 36, and 39 in Figure 7; Figure S4 in the
Supplementary material). The effect of the most complete survey (S1) undergoing shifts in q outweighed the
effects of survey CV and directionality in the shift in q (Figure 7).

“All Time-Varying Catchability” Scenarios
As expected, when all surveys included a trend in catchability, the DFA was generally unable to
recover the underlying stock abundance trend (Figures 6–7 and Figures S3–S4 in the Supplementary
material). In these scenarios, the DFA trend followed the shifting survey catchability signal rather than the
desired signal of change in stock size. Nevertheless, the overall direction (increasing/decreasing) of the
resulting DFA trend matched that of the stock abundance in the majority of simulated iterations. The DFA
trends decreased over time, following the overall decreasing trend in stock size, in 84% of the “all timevarying catchability” scenario iterations.
The interaction between survey variability and the directionality of survey catchability trend was
the main driver of the overall directionality of the DFA trend. When the survey with the smallest CV (S4)
experienced increasing survey catchability, even when the majority of the surveys underwent decreasing
survey catchability, the resulting DFA trend increased in 24.5% of iterations; this proportion was amplified
in the missing data scenarios (44% DFA trends were increasing) compared to the complete data scenarios
(5% DFA trends were increasing). On the other hand, when five surveys underwent an increase in survey
catchability and two surveys (including S4) underwent a decrease in survey catchability, the resulting DFA
trend followed the decreasing trend in the stock in 92.5% of iterations.
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Discussion
Conflicting indices of abundance present a substantial challenge when trying to ascertain the true
population trend over time. Not only do conflicting survey indices create confusion regarding trends in stock
abundance, but contradictory information is often passed to stock assessment models (Cortés et al., 2015).
Ultimately, the effect of conflicting survey indices in assessment models leads to uncertainty in the status of
the stock (e.g., SEDAR, 2017) and has been deemed the “area of greatest concern” in a previous sandbar
shark stock assessment (Hall, 2011; SEDAR, 2011).
When conflicts in indices of abundance are present, the disagreeing indices cannot all be
simultaneously representative of total stock abundance (Schnute and Hilborn, 1993; Francis, 2017). Thus,
we must interpret conflicting data in the context of sampling/observation and process error (Conn, 2010b;
Conn, 2010a; Maunder and Piner, 2017). Survey variability can be accounted for through
sampling/observation error, while some variation in catchability and spatial distribution can be attributed to
process error (Wilberg and Bence, 2006; Conn, 2010b; Wilberg et al., 2010). Dynamic factor analysis is a
modified state-space approach, which explicitly considers observation and process uncertainty and is
designed to accommodate short, nonstationary time-series (Zuur et al., 2003b). Given the goal of accounting
for and propagating uncertainty in fisheries science (e.g., Maunder, 2001; Maunder and Punt, 2013), DFA
represents a practical approach to quantify known observation error (as calculated from CPUE
standardization approaches; Maunder and Punt, 2004) and estimate additional process error among survey
indices outside the context of a stock assessment.
In our study, alterations in survey CVs resulted in slightly different estimated parameter variance,
lending support to the proposition that DFA is properly tracking and propagating survey uncertainty. We
chose CVs as the proxy for variance to reduce the impacts of index magnitude on input variance, though CV
may not be appropriate for fishery-dependent indices that often have smaller CVs than surveys. When surveys
with smaller CVs contradicted the underlying pattern in stock abundance, DFA performance decreased by
more heavily weighting survey indices that experienced time-varying survey catchability. This result of
unequal weighting could be potentially alleviated by allowing the DFA to internally estimate the parameters
of the covariance matrix with a structure that assumes each survey variance is equal (thereby weighted
equally). Alternatively, index-specific variances can also be estimated within the DFA model (Holmes et al.,
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2014). The form of the factor loadings matrix can also be modified to explicitly impose alternative weighting
of input time-series (Holmes et al., 2014). Other forms of index weighting by alternate measures (e.g. by
spatial area covered, gear type, magnitude of catch) could be considered, and we suggest this as an area of
further research.
We sought to explore the feasibility of using DFA as a tool to reconcile conflicting indices of relative
abundance, while accounting for uncertainty, and thereby addressing concerns related to conflicts in survey
abundance index trends. We chose to expand our simulation scenarios with the sandbar shark given the
exploratory conceptual finding that after a series of survey indices were generated, life history strategy no
longer influenced DFA’s ability to reconcile time-series. Rather than repeating the same experiment with a
different set of relative abundance indices, we expanded our simulation scenarios to more wholly characterize
DFA performance in reconciling conflicting survey indices. We found that, in general, DFA performed fairly
well as a method to reconcile conflicting indices across two species with unique life histories, data
availability, variable survey selectivity, survey variability, and in the face of conflicting survey indices as
simulated by changing survey catchability.
Given the results of the current simulation study, we compile our findings into the following list of
recommendations when using DFA as a method of reconciling conflicting indices of relative abundance:
1.

Avoid using DFA when there is a lack of contrast in the underlying population abundance trend
As observed in the Atlantic sharpnose shark simulation, particularly in the presence of conflicting
indices, DFA cannot accurately predict the underlying abundance trend when there is a lack of contrast
in the stock size. Further, if there is a lack of contrast in all indices, then aggregating indices that are in
agreement is less important. However, DFA performed well when the stock abundance was not constant
over the analyzed time-frame, even when indices were in conflict. If a DFA model produces a flat
common trend and factor loadings close to or equal to 0, that does not necessarily mean that the DFA
model did not work, but rather that the DFA model did not find a trend in the input time-series.

2.

Use as many meaningful survey indices as possible
Our simulation results indicate that despite the presence of conflicting survey indices, DFA performs
better with additional survey inputs. While “no amount of statistical wizardry will remedy problems with
poorly collected data” (Conn, 2010b, p118), it is challenging to determine which survey index or indices
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may be inappropriate and, therefore, should be excluded from analyses when limited data are available
(Cortés, 2011). Likewise, identifying surveys that are representative of stock abundance and do not
experience changing survey catchability a priori without expert knowledge of the system may also be
impractical. Dynamic factor analysis represents a tool to simplify discordant time-series and assess the
relative importance of each input. Further, DFA-estimated factor loadings indicate which survey indices
most closely agree, which indices predominantly describe the resulting trend, and, therefore, which
indices may be considered less representative of stock-wide abundance.
Ultimately, because DFA is an averaging approach, it is clear that when all available indices
are non-representative of the underlying stock abundance, the resulting DFA trend will not be accurate.
Consider the “all time-varying catchability” scenarios in which all surveys conflicted to an unequal
degree (i.e. five surveys experienced increasing/decreasing survey catchability, while the remaining two
experienced decreasing/increasing survey catchability; Figures 6–7). Intuitively, if no survey index is a
meaningful representation of stock abundance, then DFA is not to yield a trend that is reflective of stock
abundance.
3.

Use complete time-series, where possible
In the realistic scenario in which several indices are incomplete and contain missing values, DFA
performance declines markedly. Accordingly, poorly informed years (early years in the sandbar shark
simulation) are accompanied by substantial increases in uncertainty and relative error. Thus, under
circumstances where missing data cannot be avoided, we encourage cautious interpretation of results.
When input survey indices contain many missing values, interpreting small-scale noise is not advisable,
particularly in years where fewer data are present. However, examining the broader tendency in the DFA
trend may still prove useful for interpretation purposes (e.g. overall increasing or decreasing trend).
Although rare, there were cases (~9/3600, excluding “all time-varying catchability” scenarios) in the
missing data sandbar shark simulations in which the overall DFA predicted trend was increasing, in
direct contrast with the decreasing trend of the simulated population. Analyses such as magnitudes or
rates of decrease/increase may be inaccurate under DFA analyses in which there were many missing data
points.

4.

Carefully consider index transformations and error structure
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Most survey indices are assumed to have a lognormal, multiplicative error structure, which is not
consistent with the assumption of multivariate normal error assumed in the DFA model. While the
assumption of normality is not of fundamental importance (Zuur et al., 2003b; Zuur and Pierce, 2004),
we demonstrate a technique of rescaling that includes the proper treatment of error. Multiplying each
index by a vector of appropriately defined constants, ensures that the properties of the time-series
inputted into the DFA are consistent with those of a z-scored time-series (i.e. mean of 0 and standard
deviation of 1). By log-transforming the indices of abundance, we transformed the lognormal error into
a normal error structure, and by standardizing using the global standard deviation of the demeaned,
descaled survey indices, we allowed for a way of back-transforming the resulting DFA trend out of logand z-space. This process creates a single DFA predicted trend in abundance in arithmetic space with
lognormal error. Note that the results from our rescaled approach are consistent with trends produced
via a standard DFA model (log-transformed and z-scored indices prior to model run). Our rescaling
protocol is not strictly necessary for interpretation of conflicting survey indices, but becomes more
important when considering future analyses using the DFA-predicted trend.
Multiplying survey indices of relative abundance by a constant is comparable to redefining
effort, such that the scale of the index increases or decreases. Failure to multiply each survey index by
an appropriate vector of constants (c) results in inappropriately fitted and likely incorrect DFA results.
We recommend ensuring that the raw survey index follows the same general pattern across each step of
the rescaling process, and that the resulting trend is realistic given the input data. In our application, the
pattern of the DFA trend estimated from our rescaling approach was very similar to the DFA trend
estimated from a log-transformed, then traditionally z-scored survey index (although, in a traditionally
run DFA, we cannot back transform the resulting DFA trend out of log-space). In our simulation, we
were unable to identify a proper c vector for each iteration. Therefore, DFA performance would likely
improve if a more appropriate c was adopted for each individual iteration.
5.

Compare with other knowledge of stock trends
If the results of a DFA model suggest trends that are inconsistent with other pieces of available
information, and/or do not match prior understanding of the status of the population, then the results
should be questioned.
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Non-Constant Catchability
Although several factors that affect the catchability coefficient can be accounted for via CPUE
standardization approaches (e.g., boat effect, fishing methodology, station/area effects; Maunder and Punt,
2004; Peterson et al., 2017b), there are likely drivers of changes in catchability that cannot be explained in
practice (Maunder et al., 2006; Wilberg et al., 2010). For example, it is likely that catchability is or will be
changing in the future as a result of climate-induced shifts in species distribution (e.g. a range expansion may
result in increased availability of a target species to a survey, consequently increasing catchability or vice
versa) and migratory timing (Karp et al., 2019; Townhill et al., 2019; O’Leary et al., 2020). Physiological
and behavioral responses to a dynamic biotic and abiotic environment will likely alter availability and
encounter rate (Cheung et al., 2012; Wittmann and Pörtner, 2013; Kotwicki et al., 2015), potentially in
unexpected ways. For example, under ocean acidification conditions, shark olfactory capacity will be
impaired (Dixson et al., 2015), which may reduce the attracting properties of a baited gear. Altered fisher
behavior in response to ecosystem and management changes compounded by fish behavioral changes (e.g.,
density dependent and effort dependent catchability; Hilborn and Walters, 1992; Wilberg et al., 2010) have
been shown to violate the assumption of constant catchability. Learning and behavior alteration (Mitchell et
al., 2020) may further influence fishing dynamics over time (Guttridge et al., 2009). We emphasize that
whenever possible, factors that affect catchability should be accounted for within the CPUE standardization
(Hilborn and Walters, 1992).
The ever-evolving nature of a nonstationary ecosystem may inherently influence catchability
dynamics. As such, it is likely that catchability will change over time in most surveys, though the magnitude
and/or directionality and pattern of time-varying catchability is particularly challenging to predict. For
instance, it may be reasonable to assume that catchability varies around a constant coefficient, in which case
we may assume that catchability is constant and allow the error term to capture the annual deviations from
the mean catchability coefficient. In our simulation, we included > fourfold changes in catchability in
distinctive patterns to generate indices that conflicted throughout the simulation period. These shifts are
consistent with the range of those estimated for other stocks (e.g. Wilberg et al. 2010 and references therein).
Whether all surveys are expected to undergo catchability shifts of equivalent magnitude in practice remains
unclear and surely depends on the real-world system to which DFA would be applied. For example, in a
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system with two survey locations, catchability could increase in one location and decrease in the other if the
population centre moved from the second location to the first. Situations like these may be expected for
surveys with small spatial footprints under climate-change scenarios.
Nevertheless, given the multitude of, and complex interactions between, biological drivers of
changing catchability, the goals of this study were not to hypothesize potential realistic scenarios or make
inferences on which scenarios are more probable. Instead, we generated many abstract scenarios with realistic
amounts of change in catchability to understand how DFA performs more conceptually. However, caution
should be used in applying DFA to reconcile indices of abundance in situations with changes in catchability
greater than we simulated. Further development of methods to detect large changes in catchability remains a
high priority because many changes may be undetected with only conventional survey data (Wilberg et al.
2010).

Dynamic Factor Analysis Approach
Dynamic factor analysis is a consensus-type approach to data reconciliation. Alternative methods
using spatio-temporal approaches (e.g., Thorson et al., 2015b; Grüss and Thorson, 2019; Perretti and
Thorson, 2019; O’Leary et al., 2020; Thorson et al., 2020) may be more appropriate when sufficient spatial
data are available. If catchability changes are largely due to changes caused by availability of the stock to the
survey, then spatial approaches have the benefit of mechanistically describing the cause of changing
catchability. While DFA may not be the optimal statistical approach for identifying the underlying causes of
conflicting indices of abundance in more data-rich stocks, environmental, climatic, and anthropogenic
covariates can be included in a DFA model to infer potential causal factors (e.g., Buchheister et al., 2016;
Peterson et al., 2017a). Additionally, DFA can be used without specifying the mechanism for catchability
change, which is both beneficial and a potential limitation.
Dynamic factor analysis is a flexible approach with extensive options beyond those that we explored
in the current study. For example, within the DFA modeling approach, users have the flexibility to account
for covariation between survey indices by altering the structure of the observation error covariance matrix
(e.g., Bers et al., 2013; Colton et al., 2014; Stachura et al., 2014; Jorgensen et al., 2016), incorporate broadscale drivers of abundance in the form of covariates (e.g., Katara et al., 2011; Bers et al., 2013; Stachura et
al., 2014), and multiple common trends can be estimated (e.g., Bers et al., 2013; Colton et al., 2014; Jorgensen
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et al., 2016), among other possibilities. Weights of input survey indices can be manually designated by fixing
elements of the factor loadings matrix (Holmes et al., 2014). Tools for application of DFA within a Bayesian
context (nwfsc-timeseries.github.io), as well as a spatial DFA variant (Thorson et al., 2015a) have also been
developed. Although we did not include all of these options (e.g. alternative forms of index weighting, survey
covariability, spatial structure, or broad-scale climatic, environmental, or anthropogenic drivers) in the
current study due to a simplified simulation framework, we highlight their presence to demonstrate the
flexibility of DFA that may be required for various real-world implementation scenarios.

Study Extensions
Azevedo et al. (2008) proposed utilization of DFA trends as an index of abundance within stock
assessments. In unpublished companion research, we used the current simulation framework to explicitly test
stock assessment performance with multiple conflicting survey indices vs. performance with a DFA trend
inputted as relative abundance information. In this extension study, length composition data in the DFA
assessment were weighted by DFA factor loadings and selectivity was estimated using more flexible, timevarying patterns (e.g. random-walk age-based selectivity with time-blocks). Though there is a general
consensus that data be manipulated as little as possible (Maunder, 2001; Maunder and Punt, 2013; Methot
and Wetzel, 2013), we consider the logical consistency of ensuring that survey indices are fulfilling their role
within an assessment framework by acting as a representative measure of relative abundance.

Conclusion
We have shown that DFA can serve as a valuable tool for understanding and assessing the patterns
of abundance of several fishes with many indices of relative abundance. However, DFA performance was
relatively poor when no survey index is representative of stock abundance. Under such conditions, DFA was
unable to provide accurate trends in abundance, as noted in our “all time-varying catchability” scenarios.
Though this study focused on coastal sharks in the United States as catalyzed by the sandbar shark stock
assessment recommendations (Conn, 2010a; Cook, 2010; Hall, 2011; SEDAR, 2011; SEDAR, 2017), we
found that the results were robust to the differences in life history strategy and data availability between a
small coastal and a large coastal shark species. Consequently, this approach can be used for any fish stock
that can be adequately surveyed with multiple indices of relative abundance, even across multiple selectivity
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patterns and when the assumption that indices are proportional to total abundance is violated in some cases.
Fishes constantly cross geopolitical boundaries, resulting in multiple survey indices, and given relatively
large observation and process errors, trends in those survey indices typically conflict. This study serves to
provide guidance on use of DFA as an appropriate method to reconcile and interpret trends in fish abundance.
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Tables and Figures
Table 1. List of trials simulated for the Atlantic sharpnose shark. F is instantaneous fishing mortality pattern,
I represents index of relative abundance indexed by survey (S) number, CV is coefficient of variation, and q
is catchability coefficient. The trial name is given by three values: F (constant, increasing, decreasing, or Ushaped [increasing then decreasing]), q (constant, knife-edged, or gradual), and survey number (1, 2, or 3). ↑
represents increasing patterns in q or F while ↓ represents decreasing patterns in q or F.
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labels
ConstF_const_1
ConstF
ConstF_const_2
3S
ConstF_const_3
ConstF_knife_1
ConstF_knife_2
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Simulation notes:
a
shifts in F for ↑F and ↓F occurred in year 51, and shifts in UF occurred at years 41, 51, and 56
b
all knife-edged shifts in q occurred at year 51; gradual shifts in q1 and q3 spanned 15 and 10 years, respectively, starting at year 51
c
when present, 4th index started at year 55
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Table 2. Trials simulated for the sandbar shark simulation. “Missing Data?” indicates whether survey indices
were complete or whether missing values were included to more accurately represent available information
for the sandbar shark, q indicates catchability coefficient, and only one instantaneous fishing mortality (F)
scenario was explored. I or ↑ represents increasing patterns in q, while D or ↓ represents decreasing patterns
in q.
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↓q S3-S5-S7
↑q S1, ↓q S3-S5
↑q S2, ↓q S4-S6
↑q S3, ↓q S5-S7
↓q S1, ↑q S3-S5
↓q S2, ↑q S4-S6
↓q S3, ↑q S5-S7
↑q S1-S3-S5-S6-S7,
↓ q S2-S4
↓q S1-S3-S5-S6-S7,
↑q S2-S4

SB101
SB102
SB103
SB104
SB105
SB106
SB107
SB108
SB109
SB110
SB111
SB112
SB113
SB114
SB115
SB116
SB117
SB118
SB119
SB120
SB121
SB122
SB123
SB124
SB125
SB126
SB127
SB128
SB129
SB130
SB131
SB132
SB133
SB134
SB135
SB136
SB137
SB138
SB139

No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No

SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F
SB_F

SB140 No

SB_F

SB141 No

SB_F

const
↑q S1
↑q S2
↑q S3
↑q S4
↑q S5
↑q S6
↑q S7
↓q S1
↓q S2
↓q S3
↓q S4
↓q S5
↓q S6
↓q S7
↑q S1-S3
↑q S3-S5
↑q S5-S7
↓q S1-S3
↓q S3-S5
↓q S5-S7
↑q S1,↓q S3
↑q S3,↓q S5
↑q S5,↓q S7
↓q S1,↑q S3
↓q S3,↑q S5
↓q S5,↑q S7
↑q S1-S3-S5
↑q S2-S4-S6
↑q S3-S5-S7
↓q S1-S3-S5
↓q S2-S4-S6
↓q S3-S5-S7
↑q S1, ↓q S3-S5
↑q S2, ↓q S4-S6
↑q S3, ↓q S5-S7
↓q S1, ↑q S3-S5
↓q S2, ↑q S4-S6
↓q S3, ↑q S5-S7
↑q S1-S3-S5-S6-S7,
↓q S2-S4
↓q S1-S3-S5-S6-S7,
↑q S2-S4

Simulation notes
a
SB F = 0 in years 1–45, 0.1 in years 46–55, 0.3 in years 56–65, 0.2 in years 66–75, 0.05 in years 76–100
CV1 = 0.38, CV2 = 0.48, CV3 = 0.65, CV4 = 0.24, CV5 = 0.30, CV6 = 0.36, CV7 = 0.40
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Figure 1. Alternate simulation scenarios for the Atlantic sharpnose shark (left) and sandbar shark (right)
including various time-varying survey catchability configurations (top row), fishing mortality patterns for
Atlantic sharpnose shark simulations (bottom left), and available years of survey data in the “Missing data”
scenario for the sandbar shark simulation for each survey (S; bottom right).
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Figure 2. Example dynamic factor analysis (DFA) model run for the first iteration of Atlantic sharpnose
shark Trial UF_grad_1, including (a) input data as shown as mean-standardized survey indices, (b)
corresponding factor loadings, denoting the strength of influence of each survey on the resulting DFApredicted trend, (c) resulting DFA-predicted trend with 95% confidence intervals (CIs) in log space and the
“true” simulated abundance trend log-transformed and rescaled superimposed, and (d) the backtransformed
DFA trend with 95% CIs and the rescaled simulated abundance superimposed. Note that out of three input
survey indices, two undergo shifts in catchability in opposing directions (black and red indices), while one
survey experiences constant catchability (blue index).
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Figure 3. Example dynamic factor analysis (DFA) model run for the first iteration of sandbar shark Trial
SB128, including (a) input data as shown as mean-standardized survey indices with a zoomed inset, (b)
corresponding factor loadings, denoting the strength of influence of each survey on the resulting DFApredicted trend, (c) resulting DFA-predicted trend with 95% confidence intervals (CIs) in log space and the
“true” simulated abundance trend log-transformed and rescaled superimposed, and (d) the backtransformed
DFA trend with 95% CIs and the rescaled simulated abundance superimposed. Note that out of seven input
survey indices, four do not undergo shift in catchability, while three experience increases in catchability
(denoted by dashed lines).
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Figure 4. All simulation results for Atlantic sharpnose shark grouped by fishing mortality scenario, number
of simulated surveys, and whether catchability was time-varying. Annual relative error and root mean square
error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to
standardized, simulated abundance as applied to the Atlantic sharpnose shark. Spread in relative error should
be narrow and RMSE should be low when DFA application was successful. All simulation results are grouped
over survey CV and knife-edged or gradual shift in q (see Figures S1 and S2 in the Supplementary material
for results separated into one violin for each simulation scenario). See Table 1 for detailed description of
each trial and for plotted scenario labels. Simulations in which three surveys were simulated are plotted in
the left column, while simulations with four surveys are plotted in the right column. Violins are color-coded
into four categories (four violins per category), where each category represents a unique underlying
population trend, as caused by variable fishing mortality (F) patterns: (1) constant F—constant population
size, green; (2) increasing F— decreasing population size, blue; (3) decreasing F—increasing population
size, orange; (4) increasing then decreasing F—decreasing then increasing population size, purple. The first
(lighter shaded) violins of each F scenario represent simulations for which no survey experienced a shift in
catchability while the second (darker shaded) violins of each F scenario represent simulations for which two
surveys experienced a shift in catchability. For full scenario-specific results, see the Supplementary material
figures.
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Figure 5. Scenario-specific Atlantic sharpnose shark simulation results for scenarios with three surveys
simulated under the UF fishing mortality scenario. Annual relative error and root mean square error (RMSE)
obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to standardized,
simulated abundance as applied to the Atlantic sharpnose shark. Simulation results are presented for each
simulation. Spread in relative error should be narrow and RMSE should be low when DFA application was
successful. See Table 1 for more details on each scenario. For full scenario-specific results, see
Supplementary material figures.
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Figure 6. All simulation results for sandbar shark presented by the number of surveys with time-varying
catchability and whether survey data was complete or contained missing years. Annual relative error and root
mean square error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted
trend to standardized, simulated abundance as applied to the sandbar shark. Spread in relative error should
be narrow and RMSE should be low when DFA application was successful. Results are presented for all
trials grouped over directionality of shifting catchability. See Table 2 for detailed description of each trial
and for respective plotting labels. Violins are paired; note a darker shaded violin is followed by a lighter
shaded violin. The darker violin indicates simulation scenarios for which each survey had complete survey
data, and lighter violins indicate simulation scenarios where all surveys experienced years of missing data.
Violins are colour-coded based on the numbers of surveys that underwent a shift in catchability coefficient,
q: (1) zero surveys, indicated by “No change”, grey; (2) one survey, green; (3) two surveys, blue; (4) three
surveys, purple; and (5) seven surveys, orange. For full scenario-specific simulation results, see
Supplementary material figures.
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Figure 7. Scenario-specific sandbar shark simulation results for scenarios where three surveys underwent
time-varying catchability. Root mean square error (RMSE) obtained by comparing standardized (z-scored)
backtransformed DFA predicted trend to standardized, simulated abundance as applied to the sandbar shark.
Simulation results are presented for each simulation. Spread in RMSE should be low when DFA application
was successful. Simulation scenarios are colour-coded based on the direction of the shift in catchability for
each survey, where I indicates that the survey underwent an increase of the catchability coefficient and D
signifies a decrease in the catchability coefficient (i.e. I-D-I, or pink shaded violins, had the first and last
time-varying surveys experience an increase in catchability coefficient, while the middle time-varying survey
underwent a decrease in catchability coefficient. See Table 2 for more details on each scenario. For full
scenario-specific results, see Supplementary material figures.
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Supplementary Materials: Chapter 2
Parameterization of the low-fecundity stock–recruit relationship
Steps used to calculate S–R parameters (following parameters and equations defined in Taylor et
al., 2013):
1.

Define arbitrary initial number of recruits (R0)

2.

Calculate initial numbers-at-age (Na,0) vector, given natural mortality-at-age and R0

3.

Calculate number-of-pups produced (Npups0), given maturity-at-age, fecundity-at-age, Na,0, and

4.
5.
6.

reproductive period (RP): 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠0 = ∑∀𝑎𝑎 𝑁𝑁𝑎𝑎,0 ×
Estimate z0: 𝑧𝑧0 = − ln �

𝑅𝑅0

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠0

Estimate zfrac: 𝑧𝑧𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 1 −

�

𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚
𝑧𝑧0

1

𝑅𝑅𝑅𝑅

× 𝑚𝑚𝑚𝑚𝑡𝑡𝑎𝑎 × 𝑓𝑓𝑓𝑓𝑐𝑐𝑎𝑎

, where zmin is defined as M0

Calculate β, given estimates of steepness (h): 𝛽𝛽 = ln [1 −

ℎ
�
0.2

𝑙𝑙𝑙𝑙�

𝑧𝑧0 𝑧𝑧𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

] / ln(0.2)

“Fit ratio” statistic as a post-hoc indicator of DFA model fit
Overview

The fit ratio statistic has been proposed as a post-hoc indicator of DFA success. High fit ratios (i.e.
≳ 0.6) indicate that the time-series, or a few years in the time-series, is poorly fitted by the model (Zuur et
al., 2003b). We explored whether “the mean fit ratio” was useful in measuring DFA success in the current
study.
We calculated the “fit ratio” = Σtyjt2/ Σtεjt2 for each survey index j to assess DFA model fit. We also
calculated the “mean fit ratio” by averaging the survey-specific fit ratios across all surveys included in a
given DFA (Peterson et al., 2017).
Results / Discussion
Exploratory analyses suggested mean fit ratios ≲ 0.4 were indicative of predicted trends that

accurately matched the simulated population trend. However, a larger mean fit ratio was not necessarily

indicative of a DFA predicted trend that did not approximate the underlying abundance. Even models that
successfully estimated the underlying trend produced mean fit ratios > 0.6 (Figure S5).
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Conclusion: Mean fit ratios can be useful, but they are not sufficient to avoid poor performance.
“Fit ratios” were proposed as a post-hoc method of model fit, such that a value less than 0.6 indicates
that that index is accurately fitted by the DFA trend (Zuur et al., 2003b). Analyses in the current study
suggested there is some value to the “mean fit ratio” metric (very well fit models had mean fit ratios ≲ 0.4;

good fit models had mean fit ratios ≲ 0.5; though mean fit ratios ≳ 0.5 could indicate a well or poorly fitted
model). We found that very well-performing DFA models did have low mean fit ratios, but mean fit ratios

greater than 0.6 did not necessarily signify poor model performance.
It is important to recognize that the fit ratios describe the ability of the DFA trend to match the
survey indices. When the survey indices are not representative of the underlying trend in the population, a
poorly fitted DFA trend to one or more indices may still accurately describe the population. Thus, we
recommend that even if a resulting DFA mean fit ratio value is greater than 0.5, rather than disregard the
model completely, proceed with caution (e.g. infer general trends rather than year-to-year variations in stock
size) and use expert knowledge of the fishery to determine if the resulting trend is realistic given the system.
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Supplementary Tables and Figures
Table S1. List of age-specific proportion mature, natural mortality, and female fecundity for the Atlantic
sharpnose shark from SEDAR (2013).
Age

M

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209
0.209

Proportion
mature
0.185
0.953
0.999
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
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Fecundity (#
female pups)
0.401
0.762
1.133
1.448
1.686
1.852
1.963
2.035
2.081
2.11
2.128
2.139
2.146
2.15
2.153
2.155
2.156
2.156

Table S2. List of parameter values in the Atlantic sharpnose shark operating model. Steepness (h) and von
Bertalanffy growth parameters were taken from SEDAR (2013).
Parameter
Value
Survival-based stock–recruitment
Z0
1.9044
Zmin
0.209
Smax
0.8114
S0
0.1489
Zfrac
0.8903
β
0.5808
h
0.56
log(R0)
6.2035
R0
494.4797
Npups0
3320.671
Sfrac
0.89
Von Bertalanffy growth
Kavg
0.49
L∞_avg
81.6
t0
–0.97
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Table S3. List of age-specific female proportion mature, female natural mortality, and fecundity for the
simulated sandbar shark population from SEDAR (2017).
Age
0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Natural
mortality (M)
0.1604
0.1604
0.1604
0.1604
0.1604
0.1604
0.1578
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168

Proportion
mature
0
0
0
0
0
0
0.01
0.02
0.03
0.06
0.12
0.21
0.33
0.49
0.65
0.78
0.88
0.93
0.96
0.98
0.99
0.99
1
1
1
1
1
1
1
1
1
1
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Fecundity
(# pups)
6.1390
6.6107
7.0274
7.3955
7.7206
8.0079
8.2616
8.4857
8.6838
8.8587
9.0132
9.1497
9.2703
9.3768
9.4709
9.5540
9.6274
9.6923
9.7496
9.8002
9.8449
9.8844
9.9193
9.9501
9.9774
10.0014
10.0227
10.0414
10.0580
10.0727
10.0856
10.0970

Table S4. List of parameter values in the sandbar shark operating model. Steepness (h) and von Bertalanffy
growth parameters were taken from SEDAR (2017).
Parameter
Value
Survival-based stock–recruitment
Z0
1.0715
Zmin
0.1604
Smax
0.8518
S0
0.3377
Zfrac
0.8503
β
0.3658
h
0.3
log(R0)
6.9078
R0
1000
Npups0
2919.848
Von Bertalanffy growth
Male
Female
Kavg
0.15
0.12
L∞_avg
172.97
181.15
t0
–2.33
–3.09
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Figure S1. Annual relative error and root mean square error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to
standardized, simulated abundance as applied to the Atlantic sharpnose shark. Spread in relative error should be narrow and RMSE should be low when DFA
application was successful. Results are presented for all trials with three surveys (n = 36, 100 iterations per simulation). See Table 1 in main document for detailed
description of each trial. Violins are colour-coded into four categories, each representing a unique underlying population trend, as caused by variable fishing
mortality (F) patterns: (1) constant F—constant population size, green; (2) increasing F—decreasing population size, blue; (3) decreasing F—increasing population
size, orange; (4) increasing then decreasing F—decreasing then increasing population size, purple. The first three violins in the lightest shade within each colour
indicate surveys in which no shifts in catchability were simulated; the middle three violins in the medium shade for each colour represent scenarios in which a
knife-edged shift in q was simulated; the final darkest three violins of each colour indicate the scenarios in which a gradual shift in q was simulated.
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Figure S2. Annual relative error and root mean square error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to
standardized, simulated abundance as applied to the Atlantic sharpnose shark. Spread in relative error should be narrow and RMSE should be low when DFA
application was successful. Results are presented for all trials with four surveys (n = 36, 100 iterations per simulation). See Table 1 in main document for detailed
description of each trial. Violins are colour-coded into four categories, each representing a unique underlying population trend, as caused by variable fishing
mortality (F) patterns: (1) constant F—constant population size, green; (2) increasing F—decreasing population size, blue; (3) decreasing F—increasing population
size, orange; (4) increasing then decreasing F—decreasing then increasing population size, purple. The first three violins in the lightest shade within each colour
indicates surveys with in which no shifts in catchability were simulated; the middle three violins in the medium shade for each colour represent scenarios in which
a knife-edged shift in q was simulated; the final darkest three violins of each colour indicate the scenarios in which a gradual shift in q was simulated.
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Figure S3. Annual relative error and root mean square error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to
standardized, simulated abundance as applied to the sandbar shark. Spread in relative error should be narrow and RMSE should be low when DFA application was
successful. Results are presented for all trials with complete survey data (n = 39, 100 iterations per simulation). See Table 2 in the main document for detailed
description of each trial. Violins are colour-coded representing trials; the grey-shaded violins indicate scenarios in which no surveys underwent shifts in q, violins
shaded green indicate scenarios in which one (lower trial numbers), two, or three (higher trial numbers) surveys underwent increasing shifts in q; violins shaded
blue indicate scenarios in which one (lower trial numbers), two, or three (higher trial numbers) underwent decreasing shifts in q; violins shaded pink/purple represent
trials in which two (pink) or three (purple) surveys underwent increasing and decreasing shifts in q, respectively.
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Figure S4. Annual relative error and root mean square error (RMSE) obtained by comparing standardized (z-scored) backtransformed DFA predicted trend to
standardized, simulated abundance as applied to the sandbar shark. Spread in relative error should be narrow and RMSE should be low when DFA application was
successful. Results are presented for all trials with missing survey data (n = 39, 100 iterations per simulation). See Table 2 in the main document for detailed
description of each trial. Violins are colour-coded representing trials; the grey-shaded violins indicate scenarios in which no surveys underwent shifts in q, violins
shaded green indicate scenarios in which one (lower trial numbers), two, or three (higher trial numbers) surveys underwent increasing shifts in q; violins shaded
blue indicate scenarios in which one (lower trial numbers), two, or three (higher trial numbers) underwent decreasing shifts in q; violins shaded pink/purple represent
trials in which two (pink) or three (purple) surveys underwent increasing and decreasing shifts in q, respectively.
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Figure S5. Relationship between estimated mean “fit ratio” and RMSE for simulated DFA performance.
Each colour is representative of a unique scenario. Points plotted as triangles are representative of the Atlantic
sharpnose shark simulation; triangles right side up represent DFA performance when three survey indices
were present and upside-down triangles represent DFA performance with four survey indices. Atlantic
sharpnose shark points are plotted in colours representative of fishing mortality scenarios (orange = constant
F, blue = increasing F, green = decreasing F, pink = increasing then decreasing F). Points plotted in circles
and squares represent sandbar shark simulations with complete data and missing data, respectively. Colours
correspond to the number of surveys that underwent a change in catchability (red = no surveys, blue = 1
survey, green = 2 surveys, purple = 3 surveys; note the darker shade also corresponds to complete survey
data, whereas the lighter colour corresponds to DFA performance when surveys contained missing values).
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CHAPTER 3
Reconciling conflicting survey indices of abundance prior to stock assessment

Abstract
Indices of relative abundance are one of the most important inputs into a stock assessment model.
For many species, we must rely on several indices that routinely conflict with each other, which may result
in biased and uncertain outputs. Here we explored whether reconciled trends obtained from dynamic factor
analysis (DFA) applied to conflicting indices can be used as a trend of relative abundance input into a stock
assessment. We simulated an age-structured population of two coastal shark species in the southeast United
States to generate multiple disagreeing indices, reconciled the indices using DFA, and then inserted both the
multiple conflicting survey indices and the simplified DFA-predicted trend into respective stock assessment
models. We compared the results of each stock assessment model to simulated values to evaluate the relative
performance of each approach. We found that the DFA-based assessment generally performs similarly to the
conflicting index-based assessment and may be a useful assessment tool in situations where conflicting
indices with different selectivities, catchabilities, variances, and missing data are present. DFA assessment
results were more consistent across simulation scenarios and outperformed many conflicting index
assessments when surveys underwent shifts in catchability and the underlying stock abundance exhibited
contrast.

Introduction
The purpose of a stock assessment is to assess the status of a given stock and provide management
advice through the synthesis of multiple sources of information using quantitative models (Hilborn and
Walters, 1992). When assessing the status of a stock, it is worth considering the relative importance of
component datasets, particularly indices of relative abundance, since these are often considered to be key
data inputs (Hinton and Maunder, 2003; Francis, 2011; Cortés et al., 2015). Indices of abundance serve to
establish the trend in abundance for the resource over time, and are often estimated from fishery-independent
survey data. This trend is then scaled from relative to absolute abundance within the assessment using other
information about the stock, including commercial and recreational catches.
Challenges associated with the biology and fishery dynamics of some species prevent logistically
feasible and meaningful estimation of indices of abundance. Rare species or those with low catchabilities to
particular gear types naturally have higher variability in survey catches, thereby increasing uncertainty in
temporal patterns of the resource (Buckland et al., 2011). Particularly short- or long-lived species, which
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typically correspond to fast- and slow-growing species, respectively, either require more frequent sampling
or longer time series to adequately measure stock dynamics (Cortés, 2011). Species of low economic value
are typically low priority, with few resources invested in survey programs and biological sampling regimes,
which can result in data limitation (Stevens et al., 2000; Field et al., 2009; Cortés et al., 2015). Further,
species with broad distributions can be challenging to monitor because of distributions that are too large to
be reasonably assessed using a single survey program (Stevens et al., 2000).
For wide-ranging species that are not adequately sampled using a single survey, multiple spatially
limited surveys are typically relied upon to gain a more complete interpretation of relative abundance patterns
over time. Survey areas smaller than the distribution of the stock violate best practices by not surveying the
entire population (Hilborn and Walters, 1992). Different surveys may utilize different gears or operational
protocols, sample in different areas or during different times of the year, which result in a separate proportion
of the stock being available to the unique sampling gear (Maunder et al., 2006; Cook, 2010; Ono et al., 2018).
When the entire population is not available to the gear, the assumption that survey catches are proportional
to the total stock abundance may not hold true (Maunder et al., 2006; Wilberg et al., 2010; Maunder and
Piner, 2017). Since each survey is not necessarily measuring the same signal in the population and survey
programs experience high levels of uncertainty (process and observation error; Maunder and Piner, 2017), it
is common for the temporal trends of multiple indices of abundance to be in disagreement with each other
(Schnute and Hilborn, 1993; Conn, 2010b). Conflicting trends of relative abundance lead to uncertainty in
the status of the resource, and convey contradictory information to a stock assessment model (Schnute and
Hilborn, 1993; Conn, 2010b; Francis, 2011).
The sandbar shark (Carcharhinus plumbeus) is an example of a species with a large spatial
distribution (Springer, 1960; Heist et al., 1995), which also grows slowly (Sminkey and Musick, 1995;
Brewster-Geisz and Miller, 2000; Baremore and Hale, 2012), experiences low catches, exhibits clear
migratory patterns, spatially segregates, and is of relatively low economic value (Bigelow and Schroeder,
1948; Springer, 1960; Kohler et al., 1998). In the most recent stock assessment (SEDAR, 2017), 11 indices
of abundance were included, and an additional three indices were considered in the prior assessment
(SEDAR, 2011). Unsurprisingly, the 11 relative abundance indices showed conflicting patterns over time,
and using a hierarchical clustering approach, the indices were split into two groups: those that generally
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increased (‘Pos’ indices), and those that decreased ('Neg' indices; Courtney, 2017). Each grouping of indices
(‘Pos’ and ‘Neg’) was separately introduced to the sandbar shark assessment model as a unique sensitivity
run in an effort to characterize various potential states of nature, a largely supported approach to dealing with
data conflict (Schnute and Hilborn, 1993; Francis, 2011). The base run with all conflicting indices, the ‘Pos’
sensitivity run, and the ‘Neg’ sensitivity run each resulted in a different stock status determination; hence,
collectively results obscured the understanding of resource status.
In contrast to large coastal sharks, small coastal sharks, like the Atlantic sharpnose shark
(Rhizoprionodon terraenovae), generally grow faster and exhibit increased genetic stock structure between
the Gulf of Mexico and southeastern U.S. Atlantic due to comparatively lower movement rates (Loefer and
Sedberry, 2003; Davis et al., 2019). Despite decreased home ranges, small coastal sharks are still not
comprehensively sampled by a single or few surveys. For example, SEDAR 34 (2013) used 15 indices of
abundance in the base run of the combined region assessment for Atlantic sharpnose shark.
Among other methods, dynamic factor analysis (DFA) has been explored as an approach to reconcile
conflicting survey indices (Zuur et al., 2003b; Azevedo et al., 2008; Peterson et al., 2017; Peterson et al.,
2021). Dynamic factor analysis is a state-space, multivariate, dimension reduction approach (Zuur et al.,
2003a; Zuur et al., 2003b). Notably, Azevedo et al. (2008) used DFA to reconcile conflicting patterns among
abundance indices of two species of Iberian anglerfish. The DFA-predicted common trends for the white
anglerfish (Lophius piscatorius) were then used as inputs into a biomass dynamic assessment model, resulting
in a better fitted model as measured by residual mean square error, narrower confidence intervals, and lower
bias in parameter estimates as measured by residual bootstrapping. The authors suggested that DFA could
also be explored in more complex assessment modelling frameworks (Azevedo et al., 2008).
We sought to determine if there is validity to reconciling conflicting indices of abundance using
DFA prior to fitting an assessment model versus inputting multiple pieces of contradictory relative abundance
information into an assessment. Despite general advice to manipulate data as little as possible prior to fitting
an integrated assessment model (Maunder, 2001; Maunder and Punt, 2013; Methot and Wetzel, 2013), the
incorporation of conflicting abundance indices within an integrated assessment model results in data conflict
within the model likelihood (Carvalho et al 2021). Current ad hoc approaches to address data conflict within
integrated assessment models include removing or down weighting conflicting data within the model
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likelihood, which can affect both parameter estimation and the resulting management advice obtained from
an integrated assessment model. In contrast, the results from this study provide guidance regarding the
effectiveness of reconciling conflicting indices of abundance before inclusion into a stock assessment model,
which may serve as both a useful diagnostic for evaluating the effects of data conflict on parameter estimation
and the resulting management advice within the assessment framework, and provide an objective approach
for addressing data conflict when there are multiple conflicting indices of abundance in the same stock
assessment model.
We chose two sharks (sandbar shark and Atlantic sharpnose shark) as representative large and small
coastal shark species, respectively, in our study. Each species was chosen based on availability of recent
stock assessments. Each stock was simulated using an age-structured model, including generation of
conflicting indices of abundance (Peterson et al., 2021). Conflicting indices were input into a stock
assessment model (‘CI assessment’) and results were compared to those generated from inputting a
reconciled DFA trend into an equivalent stock assessment model (‘DFA assessment’).

Methods
We evaluated stock assessment performance when including multiple conflicting survey indices (CI
assessment) compared to a dimension-reduced DFA trend (DFA assessment) as the relative abundance
information for the Atlantic sharpnose shark and the sandbar shark (Figure 1). Simulation sensitivities
included (1) changes in the underlying temporal pattern of population abundance, (2) generation of
conflicting survey indices through time-varying catchability, and (3) missing years of survey information.
Unaccounted for shifts in catchability (q) were induced to generate conflicting indices of abundance
following Peterson et al. (2021; Figure 1).
Two age-structured operating models (OMs) were constructed with characteristics unique to each
species. Corresponding estimating models (EMs) were developed using Stock Synthesis (version 3.24;
adapted from SEDAR 54, SEDAR 2017), an integrated stock assessment modeling framework. The
simulated conflicting survey indices were input into the EMs as the relative abundance indicators for the CI
assessment, while the DFA trend was input into the EMs for the DFA assessment.
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Study Species
Atlantic sharpnose sharks, though historically assessed as a single stock off the U.S. Atlantic coast
and in the Gulf of Mexico (SEDAR, 2013), have recently been found to exhibit stock structure between the
two areas (Davis et al., 2019). The Atlantic stock was simulated in the current study. In the U.S. Atlantic,
female Atlantic sharpnose sharks have a median age at maturity of 1.6 years (Loefer and Sedberry, 2003),
maximum longevity of 23 years (Frazier et al., 2014), an annual reproductive cycle, and an average litter size
of 4-5 pups (Castro, 2009). Atlantic sharpnose sharks are moderately productive, with steepness values
estimated at 0.56 (SEDAR, 2013). Because SEDAR 34 (SEDAR, 2013) assessed the stock using a single
sex, state-space, age-structured production model, we only had sufficiently available data to generate a singlesex simulation in our study.
Sandbar sharks comprise a single genetic stock in the U.S. Atlantic and Gulf of Mexico (Heist et
al., 1995), and were most recently assessed using Stock Synthesis (SEDAR, 2017). Female sandbar sharks
have a median age at maturity of 14 years (Baremore and Hale, 2012), estimated longevity of 31 years
(SEDAR, 2017), a biennial or triennial reproductive cycle (which is therefore modeled as 2.5 years; Baremore
and Hale, 2012; SEDAR, 2017), and an average litter size of 8 pups (Baremore and Hale, 2012). Sandbar
sharks have particularly low productivity, with steepness estimated at 0.3 (SEDAR, 2017). Since SEDAR 54
(SEDAR 2017) employed a two-sex assessment model we consequently had sufficient information available
to build a two-sex sandbar shark simulation in our study.

Operating Model
The operating model (OM) was based on an age-structured model (see Table 1 for OM equations
and Tables S1-S4 for simulated parameter values), with a low-fecundity stock-recruitment relationship
(LFSR; Taylor et al. 2013). The Atlantic sharpnose shark OM had one fishing fleet and either three or four
surveys, while the sandbar shark OM had four fishing fleets and seven surveys. Modeled fishery and survey
selectivities were based on those estimated in recent assessments (Figure 2; SEDAR, 2013; SEDAR, 2017).
We assumed no discarding and no spatial structure for either species. These decisions were made to mirror
the limited data availability and the resulting lack of spatial structure within models to assess these species
in practice.

87

Numbers of fish of sex s, at age a, in each year y (Ns,a,y) was a function of those that survived from
the previous age and year, removing those that died from sex- and age-specific annual total mortality (Zs,a,y;
Table 1, eq. 1). Recruits were defined as those individuals that survived their first year of life, where β, Zmin,
and Z0 are parameters of the LFSR function (Taylor et al., 2013). The spawning output, measured in number
of neonates birthed each year (Npupsy), was the product of the number of females-at-age in a given year
(Ns=female,a,y) divided by reproductive periodicity for that species (RP; eq. 2), female maturity-at-age
(ps=female,a), and fecundity-at-age (fa) summed over ages. We assumed a 1:1 sex ratio at birth. Sex- and fleetspecific yearly catches-at-age (Cs,a,y,i) were calculated using sex-, age-, year-, and fleet-specific fishing
mortality (Fs,a,y,i). Total fishing mortality at sex, age, and year (Fs,a,y) was converted to fleet-specific fishing
mortality at sex, age, and year by multiplying Fs,a,y by fleet-specific selectivity (sela,s,i) and the proportion of
fishing mortality attributed to fleet i (δi; eq. 3). Total mortality for each sex, age, and year (Zs,a,y) was
calculated by summing Fs,a,y,i across fleets and adding natural mortality-at-sex and -age (eq. 4). Indices of
abundance indexed by sex, age, year, and survey j (Is,a,y,j) were generated by multiplying Ns,a,y by the surveyspecific annual catchability (qy,j) and vulnerability (i.e., gear selectivity) for each sex, age, and survey (vs,a,j)
adjusted by lognormal error (εs,a,y,j), where σs,a,y,j is the lognormal standard deviation of the yearly sex- and
age-structured index for each survey j. Note that we implemented survey variability by defining surveyspecific coefficients of variation (CVj). Thus, we multiplied the CVj by the expected value of the survey index
(following 𝐶𝐶𝐶𝐶 × 𝜇𝜇 = 𝜎𝜎) to generate σs,a,y,j (eq. 5), which was consequently indexed by sex, age, year, and

fleet. Yearly survey-specific indices (Iy,j) were calculated by summing Is,a,y,j across age and sex (eq. 5). Lastly,
we assumed that ageing was not conducted each year to mirror the limited data availability for these species
in practice. Ages generated from fishery-dependent and fishery-independent sources were converted to
lengths for each individual, n, using the von Bertalanffy growth equation (eq. 6). Ages were jittered by 20%
as an additional source of observation uncertainty. The number of length composition observations taken
varied based on the survey and species; more length observations were taken for the Atlantic sharpnose shark
(~90-145 observations / year) compared to the sandbar shark (~1-50 observations / year). Theoretical age at
length 0, t0, was assumed to be constant, and asymptotic maximum length, L∞, and the growth coefficient, K,
were implemented stochastically for each individual and with correlation of ρ=-0.9 (Bertsekas and Tsitsiklis,
2002).
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The operating model for each species used estimated parameters from the most recent assessments
(SEDAR, 2013; SEDAR, 2017) where applicable (Tables S1-S4). Operating model simulations were
conducted in the programming language R (version 3.6.2; R Core Team, 2019). Representative R code is
available via https://github.com/cassidydpeterson/DFA_Simulation_and_Assessment.
Dynamic factor analysis
Survey indices generated in the OM were inputted into a dynamic factor analysis (DFA) model
(Figure 1). Dynamic factor analysis (DFA) is a multivariate, dimension-reduction, state-space approach
designed for nonstationary time series (Zuur et al., 2003b; Holmes et al., 2014). The form of the DFA model
follows eq. 7, where yt is a vector of n log-transformed then standardized time series at each time t, αt is a
vector of m common trends (m < n; m=1 in current study) with associated error (ηt), Γ is an n×m matrix
containing factor loadings, which indicate the influence of the common trend on each input time series, εt
and ηt represent observation and process error terms, assuming a multivariate normal distribution with mean
0 and covariance matrices H and Q, respectively. Q was set equal to the identity matrix (Zuur et al., 2003a;
Zuur et al., 2003b; Holmes et al., 2014). Survey uncertainty was propagated through DFA analyses by setting
average survey CV as the diagonal elements of the H matrix (variance) with no covariance between surveys.
Survey indices with lower CVs were generally weighted more heavily within the DFA, as denoted by larger
factor loadings (Peterson et al. in press).
We assumed m=1 to only generate a single DFA trend and excluded explanatory variables. DFA
modelling assumptions include normality, independent error, and homogeneity of residuals (Zuur et al.,
2003b). We applied an alternative rescaling approach to the log-transformed indices (comparable to zscoring) prior to running the DFA, which allowed for back-transformation of the resulting DFA trend out of
log-space (see Supplement; Peterson et al. in press). Models were fitted using the state-space multivariate
autoregressive modelling package ‘MARSS’ in R (Holmes et al., 2014).

Simulation Scenarios
We explored the results of assessments conducted using multiple indices of abundance as survey
index inputs compared to those generated using a single, DFA-predicted trend as a survey index input across
various scenarios. The scenarios were intended to approximate various realistic conditions that may violate
assumptions of index of abundance generation to explore how the resulting assessments perform under each
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different trial. Simulation scenarios explored in the current study were the same as those explored in Peterson
et al. (2021; Tables 2-3).
In the Atlantic sharpnose shark simulation, we explored DFA performance across: (1) underlying
population abundance patterns by varying fishing mortality, and (2) inducing survey indices to conflict by
shifting catchability (both as a knife-edged shift or a gradual shift). We also explored the effects of survey
variability by altering survey-specific CVs, and adding a partial, fourth survey index (see Supplementary
materials). In the sandbar shark simulation, we explored DFA performance across: (2) conflicting survey
indices as generated by implementing changes in patterns of catchability over time, and (3) missing years of
survey data versus full survey data.
Each simulation scenario was replicated 100 times. Simulations spanned 65 or 90 years, with survey
data collected beginning after 40 or 51 years in 1993 and 1979 for Atlantic sharpnose and sandbar sharks,
respectively (Tables 2-3; Figure 3), to mirror realistic data availability. For Atlantic sharpnose shark, the
knife-edged shift in catchability began in 2003 and the gradual change followed a linear ramp from 2003 to
2013 or 2018, with catchability shifting from 0.00025-0.001 (q1) or 0.003-0.004 (q3). For the sandbar shark,
catchability increased or decreased to/from 0.01-0.045 in a linear or stepwise pattern over years 1979 to 2018
(Figure 3).

Estimating Model
We generated two EMs for each simulation scenario: (1) a conflicting index (CI) EM, in which
multiple simulated survey indices were included, and (2) a DFA EM, in which a single DFA-predicted trend
was input in the EM as the measure of relative abundance. All equations used in the Stock Synthesis
assessment platform can be found in (Methot and Wetzel, 2013). Stock Synthesis is an integrated analysis
framework, which can incorporate several sources of data, accommodate complex model configurations,
scale between data-limited and data-rich assessments, and propagate uncertainty (Methot and Wetzel, 2013).
Stock Synthesis is a flexible modeling platform that has been shown, under simplifying assumptions, to
provide useful management advice in data-limited situations (Wetzel and Punt, 2011; Cope, 2013). Analyses
were conducted in R (version 3.6.2; R Core Team, 2019) and Stock Synthesis (Methot and Wetzel, 2013),
using the R package r4ss (Taylor et al., 2019; Taylor et al., 2021) for communication between Stock Synthesis
and R.
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Estimating model assumptions
Following each simulation, the Atlantic sharpnose shark stock was assessed through a female-only
model and the sandbar shark stock was assessed with a two-sex model, each with one area and no discards.
Surveys were assumed to take place in the middle of the year, and catches-at-age were inferred from the
fishery length-composition data. Maximum age was assumed to be 27 years (Frazier et al., 2014) and 31
years for the Atlantic sharpnose and sandbar shark, respectively, and a plus group was implemented for ages
greater than or equal to 18 years in the Atlantic sharpnose shark model. Based on the length of simulated
survey indices, the starting year of each iteration was chosen as 1993 for the Atlantic sharpnose shark and
1979 for the sandbar shark, resulting in an end year of 2018 for each species.
Estimating model data
Age- and sex-specific instantaneous natural mortality was fixed except for pre-recruits (age-0)
which was defined by the LFSR function. Fecundity was implemented through a time-invariant fecundityat-age vector. The first mature age was assumed to be two years for Atlantic sharpnose sharks and 13 years
for sandbar sharks. Von Bertalanffy growth was implemented following Schnute's (1981) three-parameter
reparameterization (Methot and Wetzel, 2013). Growth parameters were independently calculated and fixed
within the EM model. Weight-at-length was assumed to follow the allometric growth equation, where
parameters were fixed based on values independently estimated in SEDAR (2013, 2017). Following SEDAR
54 (SEDAR 2017), all life history parameters were fixed at their simulated values in the EM for both species.
All data included in the stock assessment model were generated from the OM. The index of
abundance error was assumed to follow a Student’s t-distribution in log space with 30 degrees of freedom,
which approximates a lognormal distribution (Methot, 2013). Indices of abundance were rescaled prior to
DFA model fitting as presented in Peterson et al. (2021; see Supplement), and the resulting back-transformed
DFA trend was in arithmetic space with lognormal error. The back-transformed DFA trend was input into
the EM with associated lognormal error.
For the DFA EMs, the resulting DFA trend was, by definition, representative of all length
observations from each underpinning survey. Therefore, we combined length observations from each survey
by taking a weighted average, where length observations (number of fish observed in each length bin in each
survey per year) were weighted by relative size of the corresponding factor loading (Γj ÷ max(Γ) ∀ j; see
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Supplement for additional details on treatment of composition data). Recall that factor loadings are elements
of the Γ matrix and indicate the relative strength of the effect the resulting DFA index on each survey. We
assumed that if the DFA index was not heavily influenced by a survey, then the length observations of that
survey should have less weight in the stock assessment. Age compositions were not included in the EMs.
Estimating model stock-recruit relationship
The survival-based stock recruitment function (LFSR; Taylor et al., 2013) was implemented within
the EMs, which requires specification of three parameters: ln(R0), β, and sfrac. ln(R0) is the natural logarithm
of virgin recruitment (where recruits were defined as age-0) and was estimated with no prior. The parameter
β controls the shape of the density-dependent survival curve of pre-recruited pups, and sfrac defines the
fraction of pup survival when the population approaches zero. Both β and sfrac were fixed due to estimation
concerns associated with assessing a ‘one-way trip’ (Hilborn and Walters, 1992). The standard deviation of
recruitment (σR) was fixed at 0.5. Adjustments for recruitment variability bias were made following Methot
and Taylor (2011). We assumed no environmental link or autocorrelation in recruitment.
Estimating model selectivity
Following the age-structured simulation models, we assumed that fishery and survey selectivities
were age-structured. Simulated selectivity curves were based on observed fisheries and surveys for each
species. All selectivity parameters were estimated using normal priors. EM selectivity curves closely
approximated simulated selectivity-at-age (Figure 2).
In the Atlantic sharpnose shark EM, the fishing fleet was dome-shaped and modeled using a double
normal selectivity function. In the CI EM, each survey was assumed to follow logistic selectivity
corresponding to the OM simulations. In the DFA EM, the DFA-predicted index was assumed to follow a
logistic selectivity function with time blocks when survey indices contained missing data (Table S5). All
selectivity parameters were estimated with informative priors in the Atlantic sharpnose shark EM.
In the sandbar shark EM, fishing fleets were assumed to follow dome-shaped, double normal
selectivity (fleets 1 and 3) or logistic selectivity (fleets 2 and 4). When age-specific selectivity varied by sex
(fleets 1 and 3), a male offset was implemented to account for sex-specific differences in selectivity. In the
CI EM, dome-shaped, double normal selectivities with sex-specific offsets were implemented for all surveys,
with the exception of one (survey 2) which assumed logistic selectivity with no male offset (see Table S5 for
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more information on how selectivity was specified in the EM). In the DFA EM, where the DFA-predicted
index was implemented, selectivity-at-age was estimated as a random walk (Figure 4). Random walk
selectivity curves were not sex-specific.
When DFA was fitted to surveys with missing years of data (Atlantic sharpnose scenarios with 4
surveys; sandbar missing data scenarios), time-blocks were implemented to account for changes in selectivity
when not all surveys were conducted (Table S5). For example, if three surveys A, B, C, were conducted, and
survey A ran from years 1-10, survey B ran from years 4-8, and survey C ran from years 6-10, four time
blocks would be created: time block 1 for year 1-3 where only survey A was run, time block 2 for years 4-5
when surveys A and B were run, time block 3 for years 6-8 when surveys A, B, and C were run, and time
block 4 from years 9-10 when surveys A and C were run. This way, there was a unique selectivity pattern for
each combination of surveys. An age-based, random walk selectivity function was used to approximate the
resulting selectivity curve. Starting values for each time block represented an average of the selectivities for
each survey that were fitted using Stock Synthesis selectivity helper excel spreadsheets (available via
https://vlab.ncep.noaa.gov/web/stock-synthesis/document-library, accessed June 2020). The parameters of
the resulting random walk selectivity function were used as the initial values for selectivity within the EM.
Estimating model post-run data weighting
We chose to implement the Francis (2011) weighting technique for length-composition data.
Essentially, after the EMs were run, input sample sizes of length-composition observations were iteratively
“right-weighted” to account for the correlated length observations obtained from catches and survey
observations by reducing the observed sample size of length observations to the effective sample size. The
effect of right-weighting length composition data consequently gives greater weight to indices of abundance
(Courtney et al., 2017b; Francis, 2017). No additional variance was added to the survey index variances.
Estimating model convergence
We could not perform a full set of diagnostic procedures (e.g., Carvalho et al., 2021) for the EMs
fitted to each iteration of every OM simulation scenario because of the large number of model runs.
Consequently, a limited number of model-fit diagnostics commonly applied in data-moderate age-structured
stock assessments for sharks (e.g., Courtney, 2016; Courtney et al., 2017a) were evaluated here for the first
iteration of each EM fitted to an OM scenario. These included a visual comparison of the predicted versus
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simulated stock abundance, predicted versus observed indices of abundance, annual length composition, and
the aggregated annual length composition by fleet (Figures 5-6). These also included visual inspections of
predicted recruitment relative to the assumed stock-recruitment relationship, as well as the residuals from the
predicted versus observed indices of abundance, annual length compositions, and estimated annual
recruitment deviations for unexpected patterns or trends. Model-fit diagnostics for subsequent iterations were
assumed to follow those of the first iteration. In contrast, diagnostics for the remaining iterations included
visual comparison of the EM predicted versus the OM simulated abundance (in numbers). EM fits that did
not pass these model-convergence diagnostics or that failed to converge were rerun with alternate starting
values, or were excluded from subsequent analyses if they failed the convergence diagnostics over multiple
iterations.
Estimating model performance
Assessment performance was inferred from accuracy of estimated fishery parameters relevant for
management purposes, namely depletion (current stock size / virgin stock size in numbers) and fishing
mortality in the final year of the simulation (or final year of fishing if fishing mortality was set at zero in the
final years of the simulation; Ffinal) following Courtney et al. (2016). Estimated quantities are presented as
relative values (i.e., estimated value / simulated value). See supplementary materials for estimated virgin
abundance (N0, in numbers), root-mean square error (RMSE) in estimated abundance in numbers, and
relevant maximum sustainable yield-based reference points.

Results
In Peterson et al. (2021), we described the performance of the DFA model across simulation
scenarios, and in the current study, we describe the performance of the assessment models when DFApredicted indices are implemented in a stock assessment (DFA assessment) compared to the standard practice
of including multiple survey-based indices of abundance (CI assessment). We evaluated CI vs. DFA
assessment performance for the Atlantic sharpnose shark and the sandbar shark across (1) changes in the
underlying temporal pattern of population abundance, (2) generation of conflicting survey indices through
time-varying catchability, and (3) missing years of survey information. (See supplement for details on how
CI and DFA assessments performed across survey variability, number of surveys, and with respect to
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management reference points.) Recall that assessment model performance was measured by the accuracy of
estimated parameters.

Model Fitting
When simulations were run with no error, the EMs were generally capable of accurately replicating
the OM dynamics. All Atlantic sharpnose shark EMs converged and fewer CI assessments converged
(94.8%) than DFA assessments (99.9%) in sandbar shark EMs.

1. Underlying Pattern in Population Abundance
Under the ‘no change in underlying population abundance over time’ (ConstF) Atlantic sharpnose
shark scenario, assessment model performance was generally poor when surveys experienced time-varying
catchability (Figures 7-8). The CI assessment was generally more accurately and precisely capable of
estimating relative depletion and terminal fishing mortality compared to the DFA assessment when surveys
experienced unaccounted for time-varying catchability.
When the underlying population decreased in a one-way trip (Inc F), the CI assessment more
accurately estimated relative depletion and Ffinal for constant and knife-edge catchability patterns, but not
when catchability underwent a gradual shift (Figures 7-8). When the population increased in a one-way trip
(Dec F), the DFA and CI assessment results were similar, though the DFA assessment more consistently and
accurately estimated depletion and Ffinal, especially when four surveys were used (Figures 7-8).
The results for the fishing mortality scenario that resulted in a population that underwent a decrease
then increase in size (U F) seemed to indicate that both the CI and DFA assessment models performed fairly
well and neither assessment performed better in all scenarios (Figures 7-8 & S2-S5). In almost all scenarios
in which time-varying catchability was simulated along with a U-shaped fishing mortality pattern, the DFA
assessment results were more precise than those from the corresponding CI assessment (as denoted by shorter
violins), except in the scenarios in which the surveys underwent a knife-edged increase in catchability (e.g.,
UF-k2; Figures 7-8 & S2-S5).
When an incomplete fourth survey was added in the Atlantic sharpnose shark simulation, both CI
and DFA assessment performance improved. This was likely due to the fourth survey having constant
catchability, thereby providing more support of the true underlying abundance pattern. Further, to account
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for missing data, selectivity was estimated with two time blocks, which likely increased the flexibility in the
DFA assessment and improved DFA assessment performance

2. Presence of Conflicting Survey Indices
Atlantic sharpnose shark
In the case of conflicting survey indices, CI and DFA assessments generally maintained similar
performance compared to scenarios in which catchability was constant for all survey indices (Figures 7-8).
Notable exceptions were when underlying population abundance was constant (ConstF), and when the survey
with the smallest CV underwent a shift in abundance that was in the opposite direction of the stock abundance
trend (i.e., increasing catchability when the stock size was decreasing; IncF_k2, IncF_g2, ConstF_k2,
constF_g2). Across combinations of shifts in catchability and survey-specific variability, CI assessment
parameter estimates were generally more variable (longer violins), while DFA assessment parameter
estimates were more consistent across scenarios (shorter violins; Figures 7-8 & S2-S5).
Sandbar shark
The sandbar shark simulation more thoroughly examined the effects of including conflicting survey
indices within a stock assessment model by examining the number of surveys that were in conflict with the
predominant trend (zero – three out of seven) and the directionality of the pattern of changing catchability
(up, down). The DFA assessment generally performed more accurately across most scenarios compared to
the CI assessment (Figures 9-10 & S6-S9). As in the Atlantic sharpnose shark simulation, DFA assessment
estimates were more precise than CI assessment estimates across simulations in which survey catchability
varied over time. However, the DFA assessment results for the sandbar shark were more variable under
scenarios in which three surveys underwent shifts in catchability (namely C3_mix; Figures 9-10).
As the number of surveys that underwent shifts in catchability increased, CI and DFA assessment
performance generally decreased, especially when three out of seven surveys were conflicting (Figures 7-8).
Both the CI and DFA assessments performed more poorly in scenarios in which surveys experienced an
increasing catchability pattern (Figures 9-10 & S6-S9). Note that an increasing shift in catchability is acting
in the opposite direction of the predominant trend in the population (decreasing). Similarly, the DFA
assessment experienced more variability across scenarios when three surveys experienced shifts in
catchability and at least two of those surveys experienced increasing shifts in catchability (Figures 9-10 &
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S6-S9). This follows from Peterson et al. (2021), where DFA performance was poorer when shifts in
catchability were in the opposite direction of the underlying population trend.

3. Missing Data
The CI and DFA assessments fairly closely estimated depletion (Figure 9) and Ffinal (Figure 10) in
all scenarios. Assessment performance with missing data was similar to assessment performance for complete
data in both the CI and DFA assessments when zero, one, or two surveys underwent shifts in catchability.
When three surveys were in conflict, assessment performance declined in both CI and DFA assessments
when data were complete (Figure 9-10). Both CI and DFA assessments more accurately estimated parameters
of interest in the missing data scenarios compared to their complete data counterparts, indicating that the
missing data may have allowed the model to rely less on relative abundance information and more on other
pieces of information in those years. Length compositions were weighted differently in the CI and DFA
assessments and missing data DFA model runs also include time blocks in selectivity while the complete
data DFA model runs do not, which may contribute to the differing results.
Interestingly, despite poorer DFA performance in missing data scenarios compared to complete data
scenarios (Peterson et al., 2021), when three surveys were conflicting, DFA assessments with missing data
more accurately estimated relative depletion and Ffinal compared to respective scenarios wherein data were
complete (Figures 9-10 & S6-S9). Additionally, DFA assessments estimated depletion (and to a lesser extent
Ffinal) better than CI assessments when zero, one, or two surveys underwent shifts in catchability for both
complete and missing data (Figures 9-10). This is likely due to the selectivity time blocks implemented in
the ‘missing data’ DFA assessment and larger uncertainty around the DFA trend, which allowed the
assessment model to more heavily rely on other information within the model to produce a more realistic
estimate of depletion and Ffinal.

Discussion
Main Findings
Performance of CI and DFA assessments depended on underlying abundance scenarios, the
direction and magnitude of changes in catchability combined with the survey variability, the number of
surveys that conflicted, and whether the survey indices contained missing years of data. Comparable to
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findings by Wilberg and Bence (2006), failing to account for changes in survey catchability in the EM when
they occurred in the OM resulted in biased parameter estimates in the CI and DFA assessments (i.e.,
interquartile range of relative parameter estimate did not include 1). In scenarios where survey catchability
increased over time, relative depletion estimated from CI assessments was generally biased high, a result also
found in Wilberg and Bence (2006). When the underlying population abundance was constant (Atlantic
sharpnose shark ConstF), neither CI nor DFA assessments performed well when catchability was timevarying. Statistical models are known to struggle to fit data that do not exhibit sufficient contrast (Hilborn
and Walters, 1992).
Despite these effects on DFA assessment performance, under scenarios in which DFA accurately
predicted the underlying trend in the population (Peterson et al., 2021), DFA assessment performance was
comparable to CI assessment performance, overall. Dynamic factor analysis performs poorly when the
underlying population is constant and multiple surveys undergo shifts in catchability (Peterson et al., 2021),
and consequently, the DFA assessment performance was also poor in these circumstances. Further, we note
that by critically analyzing DFA results prior to including them in an assessment (e.g., whether the DFA trend
is entirely inconsistent with remaining available data, including catches, length compositions, and life history
strategy), many unreasonable and outlying assessment results may be avoided in practice. In this way,
assessments may benefit from using DFA as a diagnostic technique when multiple conflicting indices are
present, as DFA proved useful in elucidating underlying abundance trends from a collection of disagreeing
survey indices (Peterson et al., 2021).
We applied DFA across surveys with various selectivities, an approach which has generally been
discouraged (consider discussion within Conn 2010b). However, the consistency between CI and DFA
assessment results lends support for our approach to building the DFA assessment. Through DFA rescaling,
we were able to back-transform the resulting DFA trend out from ‘log-space’ and preserve the lognormal
error structure of the survey indices. We modeled selectivity by implementing a random-walk selectivity
curve to approximate the average selectivity of each survey, including time-blocks to account for years with
missing data, and we used factor loadings to weight mean length-compositions within the DFA assessments.
Any lingering concerns of combining indices with variable selectivity patterns could be alleviated by
applying DFA to recruitment indices, for which length-composition data are not required. Further, the DFA
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assessments may have an advantage over the CI approach by allowing the index selectivity to be estimated
using a random walk. Modeling selectivity with a more flexible curve may have improved CI assessment
results; however, there were insufficient length composition observations to model each fleet’s selectivity
using a random walk.
Ultimately, while there does not appear to be overwhelmingly clear evidence that using DFA to
reconcile multiple survey indices of abundance prior to a stock assessment vastly improves relevant
parameter estimates in all simulated cases, DFA produced comparable or improved estimates in many
scenarios and may serve additional purposes within a stock assessment. This approach of reconciling indices
of abundance prior to an assessment model eliminates the potential of multiple, incongruous states of nature
implied by making assumptions about the indices of abundance (as in the sandbar shark assessment in which
all indices were included in the model as a base case, while increasing indices and decreasing indices were
included as unique sensitivity runs, each suggesting a different stock status; SEDAR 2017). Simplification
of the input abundance indices to a single, stock-wide index may be considered a simpler assessment model,
which when producing the same result as a more complex model, could be deemed preferable (Adkison,
2009).
Estimated parameters from DFA assessments were more consistently (precisely) estimated across
variable simulation scenarios than those estimated from CI assessments. The DFA trend also has reduced
interannual variability compared to the very large levels in corresponding individual indices, which are often
incompatible with the slow life history of sharks in general and violate the assumption that the indices are
proportional to population abundance (Cortés et al., 2015). Accordingly, DFA assessment results were
largely buffered against biases introduced in estimated depletion and fishing mortality in the final year of
fishing from time-varying catchability that were evident in the CI assessment results; though, this buffer did
not hold when three surveys underwent time-varying catchability in the complete data sandbar shark
simulation scenarios. For example, in many sandbar shark scenarios, the CI assessment predicted an increase
in stock abundance at the end of the simulation, likely due to conflicting indices providing evidence that the
stock was increasing in abundance. This predicted increase led to overestimated relative depletion by the CI
assessments. These observations were slightly exacerbated in the complete data scenario, likely because the
complete indices displayed a more complete and drastic contradiction to the underlying abundance when
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catchability was increasing or decreasing over time. The DFA reconciled these contrasting indices prior to
the assessment, preventing discordant indices from impacting the DFA assessment to the same extent as in
the CI assessments.
We also note that there were several scenarios in which DFA assessment estimates were more
accurate than corresponding CI assessment estimates. Simply, when DFA ‘works’ for reconciling conflicting
survey indices (assuming sufficient contrast in the stock abundance, where most survey indices are
informative; see Peterson et al.2021), using DFA results in an assessment generally ‘works.’ There are
scenarios, however, in which DFA may be an inappropriate treatment of the data. Particularly, where datalimitation is not a concern, alternate spatio-temporal approaches (e.g., Thorson et al. 2015) may offer a more
appropriate and informative treatment of the data. Further, when all surveys underwent shifts in catchability
such that no index was representative of abundance, DFA was generally unable to recover the latent trend in
stock abundance (Peterson et al., 2021). Ultimately, DFA results should be realistic and consistent with other
information related to the stock (Peterson et al., 2021). Nevertheless, in the proper context, as guided by our
simulation (appropriately applying DFA with our rescaling approach), while accounting for survey selectivity
and length-frequency observations, survey reconciliation approaches may serve as a valuable tool in fishery
population dynamics analyses.
We also recognize the added potential value that DFA can serve within the stock assessment and
management framework, apart from its use in generating a single index of abundance. DFA could be used as
a valuable model simplification diagnostic tool in situations in which multiple conflicting indices induce
confusion regarding the state of the system. Given the demand for standardized diagnostics in integrated,
age-structured stock assessment models, in addition to hierarchical cluster analysis (e.g., Courtney, 2017) or
where hierarchical clustering breaks down, DFA could be useful in reducing the number of model runs
required to evaluate model sensitivity to conflicting indices of abundance. Factor loadings (Γi) represent a
way to separate input survey indices into agreeing and disagreeing groups (Zuur et al., 2007). An assessment
may inherently benefit from a clearer understanding of the abundance pattern of the resource, a priori.
Further, many index-based assessment and management procedure approaches are utilized in data-limited
fisheries or to provide interim advice between full stock assessment years (Geromont and Butterworth, 2015;
Huynh et al., 2020). In these circumstances, it seems natural that use of a stock-wide DFA trend may be
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preferable to a geographically isolated index of abundance. We encourage future exploration of these
concepts. Underlying population structure, missing data, and the interaction between conflicting surveys with
decreased variability had the greatest effect on DFA assessment performance relative to CI assessment
performance. Estimated quantities from DFA assessments appeared to be more precise than CI assessment
results across variations in survey catchability. However, the precision of DFA assessment estimates tended
to degrade as more surveys experienced trends in catchability (in the sandbar shark simulation). In scenarios
where the underlying abundance provided good contrast (e.g., Atlantic sharpnose – UF and sandbar shark
scenarios), DFA assessments generally produced better estimates of key stock status parameters. Assessment
estimates were generally better in missing data scenarios (e.g., Atlantic sharpnose 4 surveys and sandbar
shark missing data) in both CI and DFA assessments. DFA frequently outperformed CI assessments where
missing data were present, and DFA assessments generally produced more accurate parameter estimates
when data were complete. Nevertheless, there were scenarios in which CI assessments performed better (e.g.,
where surveys with the lowest CV underwent shifts in catchability in the opposite direction as the underlying
trend in abundance; see SB29 and SB38 results in Figures S6-S9).

General Comments
A pillar of integrated analysis is the notion that data should be manipulated or treated as little as
possible prior to inclusion into an assessment (Maunder and Punt, 2013; Methot and Wetzel, 2013).
Utilization of raw data in integrated analysis aims to reduce loss of information, increase intuition and
understandability with respect to diagnostics and likelihood functions, ensure logical consistencies, and most
importantly, ensure uncertainty propagation and treatment (Maunder and Punt, 2013). Further, concerns
regarding using an index reconciliation approach prior to an assessment model include correcting for variable
survey catchabilities (Conn, 2010b; which also applies to individual indices), appropriate estimation of the
selectivity curve (Azevedo et al., 2008; Conn, 2010b), and propagation of uncertainty (Maunder and Punt,
2013).
Then, why consider an approach that only increases pre-assessment data manipulation? We would
argue that while it has generally been shown that manipulating data prior to input into stock assessments is
not advisable, we need to be aware of the broader principles underpinning stock assessments and be mindful
of the specific purpose that each data component is intended to achieve. At the core of an assessment, survey

101

indices are intended to provide baseline trends in relative abundance, catches are used to provide the scale of
abundance, life history information (i.e., reproductive rates, stock-recruit relationship, growth rates, natural
mortality) provides the degree of vulnerability of the stock, and age-, or more commonly length-frequencies,
are used to partition total abundance, as well as catch composition, into their representative size or age
structure.
If we have spatially fragmented and highly uncertain survey indices that are no longer representative
of the overall underlying trend in the resource, these indices are no longer serving their purpose within a
stock assessment. By synthesizing these data prior to inclusion into an assessment, we are not carelessly
undermining the integrated analysis framework, but rather, we are mindfully considering that, in certain
instances, multiple conflicting indices may be an inappropriate representation of our stock. Data that are not
representative of the resource should not be included in an assessment, but when given two opposing indices
of abundance, it is generally not clear which (if either) index is a suitable representation of the underlying
stock dynamics. Tools such as DFA can provide clarity in deciphering which survey indices may be relevant
indicators of stock abundance via analysis of factor loadings.
In our analyses, we were able to address the issues identified above and partially alleviate some
concerns regarding our additional pre-treatment of survey data. Through the process of rescaling survey
indices (the relatively complex process of Z-scoring indices prior to fitting the DFA model), we corrected for
the variable catchabilities across surveys. As catchability is simply a multiplicative constant, we removed the
effect of multiplying constants of various magnitudes to each survey through standardization. This approach
would not work for an index of abundance for which catchability is known to change over time, and in those
instances, attempts should be made to accommodate changes in catchability within survey index
standardization approaches (e.g., Hinton and Maunder, 2003; Maunder and Punt, 2004) or within the stock
assessment model (Wilberg et al., 2010), if possible. However, our results demonstrate that even when
catchability is unknown and changing in a distinct pattern over time, DFA can provide realistic and relevant
results.
We allowed the sandbar shark assessment model to internally estimate an age-based, random-walk
selectivity function based on weighted length data, permitting the selectivity curve to follow unconventional
forms. Length-compositions from each survey were weighted by the relative magnitude of the corresponding
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factor loading. Effectively, this assumes that length observations from a survey that more strongly explained
the resulting DFA trend are more informative, and surveys that did not contribute to the DFA trend were not
used to estimate DFA trend selectivity. Hence, we accounted for the variable gear selectivities that are
combined to produce the DFA-predicted trend.
As a state-space process, DFA is capable of estimating both observation and process errors, which
represents a mechanism for uncertainty propagation. In our approach, we can specify known uncertainty
attributed to each survey index into the DFA model as the known observation error and estimate a single
trend that includes known observation error and estimated process error. Resulting standard errors of the
DFA trend reflect this additional uncertainty. We can also allow the DFA model to internally estimate
observation error and/or select from multiple different structural variance-covariance forms (Holmes et al.,
2014).
It is also worth noting that many integrated assessment approaches, including Stock Synthesis,
require relative abundance information to be input into the model in an already modified form. Rather than
raw CPUE data, Stock Synthesis requires relative abundance information be input into the assessment model
as an index, which requires manipulation of raw catch data (Maunder and Punt, 2013). We address many
concerns related to data reconciliation prior to an assessment model, and ultimately, we argue that supplying
meaningful trends in relative abundance to an assessment is more important than keeping input data in raw
form.
Generating a single trend in stock abundance also provides further clarity on the status of the
resource, which will prove useful both within and outside the context of a stock assessment (Peterson et al.,
2021). Disagreeing survey indices usually violate fishery-independent sampling assumptions, resulting in
temporal trends that are not always representative of the abundance of the stock (Maunder et al., 2006;
Wilberg et al., 2010; Maunder and Piner, 2017). By integrating spatiotemporally incomplete survey indices
prior to an assessment, we obtain a stock-wide trend in abundance, which fulfills the goals of a proper survey
and more consistently aligns with the purpose of a stock assessment. Proper interpretation of the trend in the
resource prior to a stock assessment may also serve to improve stakeholder understanding and facilitate
transparency of the assessment process. Thus, our prior treatment could be considered a more appropriate
utilization of data.
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Relevance
The disparate and conflicting nature of the indices of abundance available for coastal and other shark
assessments is a well-recognized concern and hinders our understanding of the status of these stocks (Cortés,
2011; Cortés et al., 2015; Peterson et al., 2017). Research on integrating local abundance indices into a global
index and identifying indices that contribute the most information to stock-wide trends has consistently been
requested (ASMFC, 2013; SEDAR, 2013). Past coastal shark assessments have accordingly experimented
with survey index reconciliation approaches (Conn, 2010a) in sensitivity runs (SEDAR, 2011).
The results of our research show that reconciling survey indices using DFA in the context of stock
assessment is a justifiable exercise to improve understanding of the relative abundance of the stock. We
present solutions to challenges that may be encountered in such analyses, including rescaling DFA results
and treatment of selectivity for combined length- or age-compositions. Although we focused on coastal shark
species in this simulation exercise, we found that this approach was applicable for two species of different
life history and data availability. As such, we expect that the same protocol will be generalizable to other
stocks.
We further highlight the value that DFA may have within the broader stock assessment framework.
Consider index-based data-limited assessment approaches, in which an index of abundance is a key input
into an empirical assessment approach (e.g., Brooks et al., 2010; An Index Method, https://nmfs-fishtools.github.io/). In these data-limited assessment methods, instead of inputting a single index that may be
chosen somewhat arbitrarily, a DFA trend could be used instead (see Cortés and Brooks, 2018 for a similar
application). These arguments extend to empirically based management procedures (Geromont et al., 1999;
Geromont and Butterworth, 2015) or interim assessment approaches (Huynh et al., 2020) used to update
Annual Catch Limits (ACLs), wherein a stock-wide index compilation may produce more realistic or
appropriate advice for an entire stock.
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Tables and Figures
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𝐼𝐼𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 = 𝑞𝑞𝑦𝑦,𝑗𝑗 𝑣𝑣𝑠𝑠,𝑎𝑎,𝑗𝑗 𝑁𝑁𝑠𝑠,𝑎𝑎,𝑦𝑦 × exp �𝜖𝜖𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 −
𝜖𝜖𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 ~𝑁𝑁�0, 𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 �
𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗 = 𝑞𝑞𝑦𝑦,𝑗𝑗 𝑣𝑣𝑠𝑠,𝑎𝑎,𝑗𝑗 𝑁𝑁𝑠𝑠,𝑎𝑎,𝑦𝑦 𝐶𝐶𝑉𝑉𝑗𝑗

Catch

Total
instantaneous
mortality

𝑍𝑍𝑠𝑠,𝑎𝑎,𝑦𝑦 = � 𝐹𝐹𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑖𝑖 + 𝑀𝑀𝑠𝑠,𝑎𝑎
∀𝑖𝑖

5

𝑎𝑎 = 𝐴𝐴

Age-structured
numbers at age

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑦𝑦 𝛽𝛽
� × (𝑍𝑍𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑍𝑍0 ) + 𝑍𝑍0 � , 0.1�
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠0

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑦𝑦 = � 𝑁𝑁𝑠𝑠=𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓,𝑎𝑎,𝑦𝑦 ×

3

𝑎𝑎 = 𝛼𝛼
𝛼𝛼 < 𝑎𝑎 < 𝐴𝐴

2
𝜎𝜎𝑠𝑠,𝑎𝑎,𝑦𝑦,𝑗𝑗
�
2

Indices of
abundance

𝐶𝐶𝑉𝑉𝑗𝑗 ~𝑈𝑈 �𝐶𝐶𝑉𝑉𝑎𝑎𝑎𝑎𝑔𝑔𝑗𝑗 − 0.1, 𝐶𝐶𝑉𝑉𝑎𝑎𝑎𝑎𝑔𝑔𝑗𝑗 + 0.1�

𝐼𝐼𝑦𝑦,𝑗𝑗 = � 𝐼𝐼𝑠𝑠=𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓,𝑎𝑎,𝑦𝑦,𝑗𝑗 + 𝐼𝐼𝑠𝑠=𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚,𝑎𝑎,𝑦𝑦,𝑗𝑗
∀𝑎𝑎

6

7

von Bertalanffy
length calculation

𝐿𝐿𝑛𝑛 = 𝐿𝐿∞ �1 − 𝑒𝑒 −𝐾𝐾(𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗(𝑎𝑎𝑛𝑛 )−𝑡𝑡0) �

𝐾𝐾~𝑁𝑁 �𝐾𝐾𝑎𝑎𝑎𝑎𝑎𝑎 +

𝐿𝐿∞𝑛𝑛 ~𝑁𝑁 �𝐿𝐿∞ 𝑎𝑎𝑎𝑎𝑎𝑎 , 𝜎𝜎𝐿𝐿2∞ �, 𝜎𝜎𝐿𝐿2∞ = 0.1𝐿𝐿∞𝑎𝑎𝑎𝑎𝑎𝑎
𝜎𝜎𝐾𝐾2
� 2 � 𝜌𝜌 �𝐿𝐿∞ 𝑛𝑛 − 𝐿𝐿∞𝑎𝑎𝑎𝑎𝑎𝑎 � , �(1 − 𝜌𝜌2 )(𝜎𝜎𝐾𝐾2 )2 �,
𝜎𝜎𝐿𝐿∞

𝜎𝜎𝐾𝐾2 = 0.1𝐾𝐾𝑎𝑎𝑎𝑎𝑎𝑎

DFA model
𝑦𝑦𝑡𝑡 = 𝜞𝜞𝛼𝛼𝑡𝑡 + 𝜀𝜀𝑡𝑡 , where 𝜀𝜀𝑡𝑡 ~𝑀𝑀𝑀𝑀𝑀𝑀(0, 𝑯𝑯)
𝛼𝛼𝑡𝑡 = 𝛼𝛼𝑡𝑡−1 + 𝜂𝜂𝑡𝑡 , where 𝜂𝜂𝑡𝑡 ~𝑀𝑀𝑀𝑀𝑀𝑀(0, 𝑸𝑸)
Parameter definitions: abundance in numbers (N), recruits in numbers (R), total instantaneous mortality (Z), age

of plus group (A), pre-recruits in numbers (Npups), natural mortality (M), reproductive periodicity (RP), proportion
mature (p), fecundity (f), fishing mortality (F), catch in numbers (C), proportion of fishing mortality attributed to
fleet (δ), index of abundance (I), catchability (q), vulnerability (v), length (L), von Bertalanffy growth parameters
(L∞ and K), correlation (ρ), rescaled index of abundance (y), factor loadings matrix (Γ), DFA common trend (α)
Subscripts: sex (s), age (a), age of plus group (A), year (y), fleet (i), survey (j), individual (n), time (t)
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Table 2. List of trials simulated for the Atlantic sharpnose shark. F is instantaneous fishing mortality pattern, I represents index of abundance indexed by survey
number, CV is coefficient of variation, and q is catchability coefficient. Increasing and decreasing are indicated by Inc/Dec or ↑/↓. Trials were labeled according
to the F pattern (constant – ConstF, increasing – IncF, decreasing – DecF, or increasing then decreasing – U F), changing catchability (constant – c, knife-edged –
k, or gradual – g), and indexed by the survey-specific IV pattern (1, 2, or 3). Trials with 4 simulated surveys were indexed by 4.
Fig. 4
Plotting
Labels

Trial
Name (3
surveys)

Fa

I1 CV

I2 CV

I3 CV

I1 qb

I2 q

I3 qb

I4 CV

I4 q

Trial Name
(4 surveys)c

Const F
no
change
Const F
knifeedge

ConstF_c1
ConstF_c2
ConstF_c3
ConstF_k1
ConstF_k2
ConstF_k3
ConstF_g1
ConstF_g2
ConstF_g3
IncF_c1
IncF_c2
IncF_c3
IncF_k1
IncF_k2
IncF_k3
IncF_g1
IncF_g2
IncF_g3
DecF_c1
DecF_c2
DecF_c3
DecF_k1
DecF_k2
DecF_k3
DecF_g1
DecF_g2
DecF_g3

Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
Const F (F=0.2)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↑F (F=0 / 0.4)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)
↓F (F=0.4 / 0)

0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7
0.5
0.3
0.7

0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5

0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3
0.5
0.7
0.3

const q
const q
const q
knife ↑q
knife ↑q
knife ↑q
grad ↑q
grad ↑q
grad ↑q
const q
const q
const q
knife ↑q
knife ↑q
knife ↑q
grad ↑q
grad ↑q
grad ↑q
const q
const q
const q
knife ↑q
knife ↑q
knife ↑q
grad ↑q
grad ↑q
grad ↑q

const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q

const q
const q
const q
knife ↓q
knife ↓q
knife ↓q
grad ↓q
grad ↓q
grad ↓q
const q
const q
const q
knife ↓q
knife ↓q
knife ↓q
grad ↓q
grad ↓q
grad ↓q
const q
const q
const q
knife ↓q
knife ↓q
knife ↓q
grad ↓q
grad ↓q
grad ↓q

0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5

const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q
const q

ConstF_c1_4
ConstF_c2_4
ConstF_c3_4
ConstF_k1_4
ConstF_k2_4
ConstF_k3_4
ConstF_g1_4
ConstF_g2_4
ConstF_g3_4
IncF_c1_4
IncF_c2_4
IncF_c3_4
IncF_k1_4
IncF_k2_4
IncF_k3_4
IncF_g1_4
IncF_g2_4
IncF_g3_4
DecF_c1_4
DecF_c2_4
DecF_c3_4
DecF_k1_4
DecF_k2_4
DecF_k3_4
DecF_g1_4
DecF_g2_4
DecF_g3_4

Const F
gradual
Inc F
no
change
Inc F
knifeedge
Inc F
gradual
Dec F
no
change
Dec F
knifeedge
Dec F
gradual
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Fig. 4
Plotting
Labels
Const F no
change
Const F
knife-edge
Const F
gradual
Inc F no
change
Inc F
knife-edge
Inc F
gradual
Dec F no
change
Dec F
knife-edge
Dec F
gradual

UF
no
change

UF
knifeedge

UF_c1
UF_c2
UF_c3
UF_k1
UF_k2
UF_k3
UF_g1

UF
gradual

UF_g2
UF_g3

UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)
UF (F=0 / 0.4 / 0.2 /
0.05)

0.5

0.5

0.5

const q

const q

const q

0.5

const q

UF_c1_4

0.3

0.5

0.7

const q

const q

const q

0.5

const q

UF_c2_4

0.7

0.5

0.3

const q

const q

const q

0.5

const q

UF_c3_4

0.5

0.5

0.5

knife ↑q

const q

knife ↓q

0.5

const q

UF_k1_4

0.3

0.5

0.7

knife ↑q

const q

knife ↓q

0.5

const q

UF_k2_4

0.7

0.5

0.3

knife ↑q

const q

knife ↓q

0.5

const q

UF_k3_4

0.5

0.5

0.5

grad ↑q

const q

grad ↓q

0.5

const q

UF_g1_4

0.3

0.5

0.7

grad ↑q

const q

grad ↓q

0.5

const q

UF_g2_4

0.7

0.5

0.3

grad ↑q

const q

grad ↓q

0.5

const q

UF_g3_4

Simulation Notes:
a
shifts in F for ↑F and ↓F occurred in year 51, and shifts in UF occurred at years 41, 51, and 56
b
all knife-edged shifts in q occurred at year 51; gradual shifts in q1 and q3 spanned 15 and 10 years, respectively, starting at year 51
c
when present, 4th index started at year 55
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UF
no
change

U F knifeedge

UF
gradual

Table 3. List of trials simulated for the sandbar shark. ‘MD?’ indicates whether survey indices contained
missing values to more accurately represent available information for the sandbar shark, q indicates
catchability coefficient, and only one instantaneous fishing mortality (F) scenario was explored. ↑ represents
increasing patterns in q, while ↓ represents decreasing patterns in q. Prefixes M and C indicate missing data
and complete data scenarios, respectively.
Fig.
Plot
Label
M0

Trial

MD
?

Fa

q pattern

Trial

MD

?

Fa

q pattern

Fig.
Plot
Label
C0

SB1
Yes
SB_F const
SB101 No SB_F const
SB2
Yes
SB_F ↑q S1
SB102 No SB_F ↑q S1
SB3
Yes
SB_F ↑q S2
SB103 No SB_F ↑q S2
SB4
Yes
SB_F ↑q S3
SB104 No SB_F ↑q S3
M1_
C1_
SB5
Yes
SB_F ↑q S4
SB105 No SB_F ↑q S4
up
up
SB6
Yes
SB_F ↑q S5
SB106 No SB_F ↑q S5
SB7
Yes
SB_F ↑q S6
SB107 No SB_F ↑q S6
SB8
Yes
SB_F ↑q S7
SB108 No SB_F ↑q S7
SB9
Yes
SB_F ↓q S1
SB109 No SB_F ↓q S1
SB10 Yes
SB_F ↓q S2
SB110 No SB_F ↓q S2
SB11 Yes
SB_F ↓q S3
SB111 No SB_F ↓q S3
M1_
C1_
SB12 Yes
SB_F ↓q S4
SB112 No SB_F ↓q S4
down
down
SB13 Yes
SB_F ↓q S5
SB113 No SB_F ↓q S5
SB14 Yes
SB_F ↓q S6
SB114 No SB_F ↓q S6
SB15 Yes
SB_F ↓q S7
SB115 No SB_F ↓q S7
SB16 Yes
SB_F ↑q S1-S3
SB116 No SB_F ↑q S1-S3
M2_
C2_
SB17 Yes
SB_F ↑q S3-S5
SB117 No SB_F ↑q S3-S5
up
up
SB18 Yes
SB_F ↑q S5-S7
SB118 No SB_F ↑q S5-S7
SB19 Yes
SB_F ↓q S1-S3
SB119 No SB_F ↓q S1-S3
M2_
C2_
SB20 Yes
SB_F ↓q S3-S5
SB120 No SB_F ↓q S3-S5
down
down
SB21 Yes
SB_F ↓q S5-S7
SB121 No SB_F ↓q S5-S7
SB22 Yes
SB_F ↑q S1,↓q S3
SB122 No SB_F ↑q S1,↓q S3
M2_
C2_
SB23 Yes
SB_F ↑q S3,↓q S5
SB123 No SB_F ↑q S3,↓q S5
mix
mix
SB24 Yes
SB_F ↑q S5,↓q S7
SB124 No SB_F ↑q S5,↓q S7
SB25 Yes
SB_F ↓q S1,↑q S3
SB125 No SB_F ↓q S1,↑q S3
M2_
C2_
SB26 Yes
SB_F ↓q S3,↑q S5
SB126 No SB_F ↓q S3,↑q S5
mix
mix
SB27 Yes
SB_F ↓q S5,↑q S7
SB127 No SB_F ↓q S5,↑q S7
SB28 Yes
SB_F ↑q S1-S3-S5
SB128 No SB_F ↑q S1-S3-S5
M3_
C3_
SB29 Yes
SB_F ↑q S2-S4-S6
SB129 No SB_F ↑q S2-S4-S6
up
up
SB30 Yes
SB_F ↑q S3-S5-S7
SB130 No SB_F ↑q S3-S5-S7
SB31 Yes
SB_F ↓q S1-S3-S5
SB131 No SB_F ↓q S1-S3-S5
M3_
C3_
SB32 Yes
SB_F ↓q S2-S4-S6
SB132 No SB_F ↓q S2-S4-S6
down
down
SB33 Yes
SB_F ↓q S3-S5-S7
SB133 No SB_F ↓q S3-S5-S7
SB34 Yes
SB_F ↑q S1, ↓q S3-S5 SB134 No SB_F ↑q S1, ↓q S3-S5
M3_
C3_
SB35 Yes
SB_F ↑q S2, ↓q S4-S6 SB135 No SB_F ↑q S2, ↓q S4-S6
mix
mix
SB36 Yes
SB_F ↑q S3, ↓q S5-S7 SB136 No SB_F ↑q S3, ↓q S5-S7
SB37 Yes
SB_F ↓q S1, ↑q S3-S5 SB137 No SB_F ↓q S1, ↑q S3-S5
M3_
C3_
SB38 Yes
SB_F ↓q S2, ↑q S4-S6 SB138 No SB_F ↓q S2, ↑q S4-S6
mix
mix
SB39 Yes
SB_F ↓q S3, ↑q S5-S7 SB139 No SB_F ↓q S3, ↑q S5-S7
Simulation Notes
a
SB F = 0 in years 1-45, 0.1 in years 46-55, 0.3 in years 56-65, 0.2 in years 66-75, 0.05 in years 76100
CV1=0.38, CV2=0.48, CV3=0.65, CV4=0.24, CV5=0.30, CV6=0.36, CV7=0.40
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Figure 1. Example DFA model run for the first iteration of sandbar shark Trial SB29, including (a) input
data as shown as mean-standardized survey indices, (b) corresponding factor loadings, denoting the strength
of influence of the resulting DFA-predicted trend on each survey, (c) resulting DFA-predicted trend with
95% confidence intervals (CIs) in log space and the “true” simulated abundance trend log-transformed and
rescaled superimposed, and (d) the backtransformed DFA trend with 95% CIs and the rescaled simulated
abundance superimposed. Note that out of seven input survey indices, four do not undergo shift in
catchability, while three experience increases in catchability (denoted by solid lines).
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Figure 2. Selectivity curves of fishing fleets and surveys simulated in the Atlantic sharpnose and sandbar
shark operating models (solid lines). Selectivity curves estimated within the estimating model are
superimposed with dashed lines.
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Figure 3. Taken from Peterson et al. (2021). Alternate simulation scenarios for the Atlantic sharpnose shark
(left) and sandbar shark (right) including various time-varying catchability configurations (top row), fishing
mortality patterns for Atlantic sharpnose shark simulations (bottom left), and available years of survey data
in the ‘Missing data’ scenario for the sandbar shark simulation for each survey (bottom right).
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Figure 4. Survey-specific female selectivity as fitted from the sandbar shark CI assessment for iteration 1 of
Trial SB101 (left). The average selectivity, calculated by averaging selectivity curves across surveys and
scaling to a maximum selectivity of one, is superimposed. The random-walk both-sex selectivity as fitted
within the sandbar shark DFA assessment for iteration 1 of Trial SB101 is shown on the right.
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Figure 5. Example of the fleet-specific, time-aggregated length compositions from the CI assessment of the
1st iteration of the SB29 simulation scenario for the sandbar shark as plotted using r4ss (Taylor et al. 2021).
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Figure 6. Example of the fleet-specific, time-aggregated length compositions from the DFA assessment of
the 1st iteration of the SB29 simulation scenario for the sandbar shark as plotted using r4ss (Taylor et al.
2021).
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Figure 7. Estimated relative depletion (estimated depletion / simulated depletion) from CI assessments
(darker shaded violins for each color; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins for each color; assessments fitted using DFA predicted trends as relative
abundance inputs) in the Atlantic sharpnose shark simulations. Note that accurately estimated relative
depletion should equal 1. Simulation scenarios are grouped based on trials in which survey catchability did
not change (“no change”), survey catchability underwent a knife-edged shift in two surveys (“knife-edge”),
and survey catchability underwent a gradual shift (“gradual”). Each row is separated based on the underlying
fishing mortality (F) scenarios: no shift (F1), increase in F (F2), decrease in F (F3), and an increase then
decrease in F (F4). Simulations in which three surveys were simulated are in the left column and those for
four surveys simulated are in the right column. Note the variable y-axes. The shape of the violins indicate the
distribution of parameter estimates, where the width of the violin corresponds to the quantity of results that
fall at that respective y-value. The median (white dot), interquartile range (black bar), and upper/lower
adjacent values corresponding to a box plot limits (thin black line) are also highlighted. For full scenariospecific results refer to the Supplementary Materials.
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Figure 8. Estimated relative final F (estimated Ffinal / simulated Ffinal) from CI assessments (darker shaded
violins for each color; assessments fitted using conflicting survey indices) compared to DFA assessments
(lighter shaded violins for each color; assessments fitted using DFA predicted trends as relative abundance
inputs) in the Atlantic sharpnose shark simulations. Note that accurately estimated relative Ffinal should equal
1. Simulation scenarios are grouped based on trials in which survey catchability did not change (“no
change”), survey catchability underwent a knife-edged shift in two surveys (“knife-edge”), and survey
catchability underwent a gradual shift (”gradual”). Each row is separated based on the underlying fishing
mortality (F) scenarios: no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in
F (F4). Simulations in which three surveys were simulated are in the left column and those four surveys
simulated are in the right column. Note the variable y-axes. The shape of the violins indicate the distribution
of parameter estimates, where the width of the violin corresponds to the quantity of results that fall at that
respective y-value. The median (white dot), interquartile range (black bar), and upper/lower adjacent values
corresponding to a box plot limits (thin black line) are also highlighted. For full scenario-specific results refer
to the Supplementary Materials.
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Figure 9. Estimated relative depletion (estimated depletion / simulated depletion) from CI assessments
(darker shaded violins for each color; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins for each color; assessments fitted using DFA predicted trends as relative
abundance inputs) in the sandbar shark simulations. Note that accurately estimated relative depletion should
equal 1. Simulation scenarios are grouped based on the number of surveys that experienced shifting
catchability (top row – 0 & 1, middle row – 2, bottom row – 3) and direction of shifting patterns in catchability
(“up” denotes scenarios in which time-varying q increased for all surveys that experienced shifts; “down”
denotes scenarios in which time-varying q decreased for all shifting surveys; “mix” denotes scenarios in
which time-varying q increased for one or more surveys and decreased for one or more surveys; the first
“mix” label (pink violins) denotes scenarios in which the first survey with time-varying q increased and the
remaining surveys with time-varying q decreased, and the second “mix” label (purple violins) denotes
scenarios in which the first survey with time-varying q underwent a decrease in q, and the remaining surveys
with time-varying q underwent increased q). Simulations in which surveys with complete data were simulated
are in the left column and those with missing data are in the right column. Note the variable y-axes. The
shape of the violins indicate the distribution of parameter estimates, where the width of the violin corresponds
to the quantity of results that fall at that respective y-value. The median (white dot), interquartile range (black
bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
For full scenario-specific results refer to the Supplementary Materials.
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Figure 10. Estimated relative final F (estimated Ffinal / simulated Ffinal) from CI assessments (darker shaded
violins for each color; assessments fitted using conflicting survey indices) compared to DFA assessments
(lighter shaded violins for each color; assessments fitted using DFA predicted trends as relative abundance
inputs) in the sandbar shark simulations. Note that accurately estimated relative Ffinal should equal 1.
Simulation scenarios are grouped based on the number of surveys that experienced shifting catchability (top
row – 0 & 1, middle row – 2, bottom row – 3) and direction of shifting patterns in catchability (“up” denotes
scenarios in which time-varying q increased for all surveys that experienced shifts; “down” denotes scenarios
in which time-varying q decreased for all shifting surveys; “mix” denotes scenarios in which time-varying q
increased for one or more survey and decreased for one or more surveys; the first “mix” label (pink violins)
denotes scenarios in which the first survey with time-varying q increased and the remaining surveys with
time-varying q decreased, and the second “mix” label (purple violins) denotes scenarios in which the first
survey with time-varying q underwent a decrease in q, and the remaining surveys with time-varying q
underwent increased q). Simulations in which surveys with complete data were simulated are in the left
column and those with missing data are in the right column. Note the variable y-axes. The shape of the violins
indicate the distribution of parameter estimates, where the width of the violin corresponds to the quantity of
results that fall at that respective y-value. The median (white dot), interquartile range (black bar), and
upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted. For full
scenario-specific results refer to the Supplementary Materials.
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Supplementary Materials: Chapter 3
Supplementary Methods
Dynamic factor analysis (DFA) rescaling approach from Peterson et al. (in press)
We developed a DFA rescaling approach to modify the input survey indices in a manner consistent
with the requirements of DFA, which preserves the error structure and the relative scale of the survey indices,
and allows for back-transformation of the resulting DFA index out of de-trended, log-scale. The rescaling
approach was simulation tested in Peterson et al. (2021) and is as follows:
1.

Each survey index (i) was multiplied by a constant (ci), which is comparable to redefining effort.
The choice of ci for each survey was determined iteratively, by arbitrarily defining a vector of all
constants for each survey, c = [c1, …, cn] for all indices i=1 to n, and adjusting each ci until the
conditions outlined below (Aa-Ad) were met within the steps of the rescaling approach outlined
here.

2.

All indices from step 1 were log-transformed, thereby normalizing survey error.

3.

Each log-transformed survey index from step 2 was centered and demeaned by subtracting and
dividing each index by the survey-specific mean.

4.

The global standard deviation (GSD) was estimated for all demeaned survey indices, collectively
(from step 3).

5.

Each demeaned index was divided by the GSD, comparable to z-scoring the index.

6.

The DFA was run.

7.

The resulting DFA-predicted trend was back-transformed by first multiplying by the GSD and then
exponentiating with bias correction. Annual standard errors estimated by the DFA model were
multiplied by the GSD (following the transformation of variance rule: 𝑆𝑆𝑆𝑆(𝑎𝑎𝑎𝑎) = 𝑎𝑎 × 𝑆𝑆𝑆𝑆(𝑋𝑋), where
a is a constant), representing lognormal error of the DFA trend.

A. The choice in ci should result in the following conditions (a-c) being met within the steps of the
rescaling approach outlined above:
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a.

The mean of each log-transformed survey index (from step 2) was greater than zero. Note
that if the logged survey-specific mean is close to zero, then the rescaling approach would
not work, because we would essentially be dividing by zero in step 3. Further, if a survey
index is relatively small, then the mean of the log transformed index may be negative, and
dividing by a negative can reverse the trend of the index. In practice, cis that resulted in

b.

log-transformed survey index means ≳2.5, when possible, produced the best results.

The resulting GSD (step 4) was small (GSD<<1). When the GSD is greater than one, the
scale of the back-transformed DFA-predicted trend is affected, resulting in unrealistic
predicted changes in abundance.

c.

Most importantly, the standard deviation of each resulting transformed index (step 5) was
approximately equal to 1. This ensures that the format of the input survey index most
appropriately approximates a z-scored index, with a mean of zero and a standard deviation
of 1, as recommended in DFA applications (Holmes et al. 2014). When c was chosen so
that the standard deviation of an input index was greater than one, the resulting DFApredicted trend overfitted the corresponding survey, and fit more poorly to the remaining
surveys.

d.

The resulting back-transformed trend should follow changes in magnitude consistent with
those of the survey inputs. Multiple combinations of c can fit the above requirements;
however, we want to choose constants that preserve the relative trend of the input surveys.
For example, if the starting and ending points of a (or multiple) largely reliable input
survey(s) change by an order of magnitude of ~2, then the resulting back-transformed trend
may not be appropriate if it changes by an order of 0.5 or 4. Try to maintain a consistent
and reliable trend following the raw survey indices. This is obviously challenging if the
analyst is unsure of what survey inputs are reliable and the user may have to rely on best
judgement. Note that this recommendation is not important if the magnitude of change of
the resulting DFA index is not of interest and if the underlying abundance trend is not a
one-way trip.
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We recommend ensuring that the raw survey index follows the same general pattern across each
step of the rescaling process, and that the resulting trend is realistic given the input data. In our application,
the pattern of the DFA trend estimated from our rescaling approach was very similar to the DFA trend
estimated from a log-transformed, then traditionally z-scored survey index. (Although, in a traditionally run
DFA, we cannot back transform the resulting DFA trend out of log-space). We also recommend ensuring
that the mean fit ratio is low, as the mean fit ratio will increase with a less ideal vector of constants, c.
It is important to note that the ability of the DFA assessment to accurately estimate relative depletion
and fishing mortality in the final year of the EM (Ffinal) depends on the appropriate implementation of the
rescaling approach. In the Atlantic sharpnose shark simulation, the choice in constants in the DFA rescaling
protocol affected the results of the corresponding assessment. These effects were greater in the ‘one-way trip’
scenarios (F2 and F3), because the abundance pattern was not ‘bounded’ as in more complex fishing mortality
scenarios (F4). The vector of constants was less important in the sandbar shark scenario, likely because the
trend was slightly more complex than a ‘one-way trip’ and because the greater number of surveys reduced
the possible combinations of constants that could be applied to each scenario.
Treatment of length composition data for the DFA estimation model
For the DFA EM, length compositions were generated by first tabulating the number of observations
that fell within each length bin for each survey, as is the traditional approach for calculating length
composition data within Stock Synthesis. These length compositions for each survey were then multiplied
by a weighting factor. The weighting factor was obtained by calculating the relative strength of each factor
loading (Γj/max(Γ)). Consider the first iteration of the Atlantic sharpnose simulation scenario UF_knife_1:
A. Generate length compositions for each survey (LenComp1, LenComp2, Lencomp3)
B. Get factor loadings for each survey: Γ1=0.39, Γ2=0.02, Γ3=0.38.
C. Calculate factor loading based weighting factor (wj = Γj/max(Γ)): w1=1.00, w2=0.05, w3=0.97.
D. Multiply the corresponding length composition with the weighting factor and sum across surveys to
obtain the DFA length composition: LenCompDFA = Σj(LenCompj × wj)
We set the weight for negative factor loadings equal to zero, though a small constant may also be
explored as an appropriate treatment (see Figure S1 for age-length relationship for the sandbar shark).
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Supplementary Results
Alternate axes of uncertainty explored
The Atlantic sharpnose shark simulation study also explored the impacts of (1) survey variability
(via coefficients of variation; CV) and (2) number of surveys.
1.

Survey variability
The CI assessment performance varied slightly based on survey CV (e.g., the difference between

trials C22-C24; Figures S2-S5) and depended on the combination of survey variability and shift in
catchability. Surveys for which CV was smaller were more heavily weighted in the DFA trend (Peterson et
al. 2021), which was also reflected in assessment performance estimates. As noted in the main text, when
surveys with the smallest CVs underwent time-varying shifts in catchability in the opposite direction of the
predominant trend in stock abundance, estimated depletion and terminal F were more biased in the DFA
assessment (i.e., increasing catchability when the stock size was decreasing; IncF_k2, IncF_g2, ConstF_k2,
constF_g2). Otherwise, the DFA assessment results were generally more consistent and precise across
variations in survey variability compared to CI assessment results. Likewise, several CI assessment scenarios
also experienced biases when catchability shifted in surveys with low CVs (e.g., DecF_k2, DecF_g2, SB
C105, etc.; Figures S2-S9).
2.

Number of surveys
When an incomplete fourth survey index was added to each assessment model, the accuracy and

precision of estimated depletion and Ffinal generally improved in both the CI and DFA assessment models
(except in F1; Figures 1-2; e.g., consider C22-24 compared to D22-24; Figures S2-S5).
Management reference points
Across all simulations for each species, relevant management quantities, such as fishing mortality
that would produce maximum sustainable yield, MSY, (FMSY; Figure S10), Fratio (terminal F / FMSY; Figure
S11), spawning stock biomass that produces MSY (SSBMSY), SSBratio (terminal SSB / SSB0; Figure S13), and
the ratio of SSBMSY to virgin spawning stock biomass (SSBMSY/SSB0; Figure S14) were examined. Notably,
variations in key reference point estimates tend to follow observed patterns in corresponding parameter
estimates (e.g., estimates in Fratio tended to correspond to bias patterns in Ffinal and estimates of SSBMSY tended
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to follow biases in relative depletion; compare Figures S3 to S11 and S2 to S13). There were distinct
differences in estimated FMSY for DecF and U F fishing mortality scenarios for the Atlantic sharpnose shark
(Figure S10), though these differences were mostly eliminated when calculating Fratio (Figure S11). Estimates
of SSBMSY were similar across EMs (Figure S12).
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Supplementary Figures
Methods

Figure S1. Example of the sex-specific age-length relationship for the sandbar shark as obtained from the
terminal year of the simulation Trial SB101.
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Atlantic sharpnose shark complete results

Figure S2. Estimated relative depletion (estimated depletion / simulated depletion) from CI assessments
(darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA assessments
(lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance inputs) in the
Atlantic sharpnose shark simulations. Note that accurately estimated relative depletion should equal 1.
Simulation scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and
‘gradual’ shifts in catchability. Each row is separated based on the underlying fishing mortality (F) scenarios:
no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in
which three surveys were simulated are in the left column and four surveys simulated are in the right column.
Note the variable y-axes. The shape of the violins indicate the distribution of parameter estimates, where the
width of the violin corresponds to the quantity of results that fall at that respective y-value. The median (white
dot), interquartile range (black bar), and upper/lower adjacent values corresponding to a box plot limits (thin
black line) are also highlighted.
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Figure S3. Estimated relative final F (estimated Ffinal / simulated Ffinal) from CI assessments (darker shaded
violins; assessments fitted using conflicting survey indices) compared to DFA assessments (lighter shaded
violins; assessments fitted using DFA predicted trends as relative abundance inputs) in the Atlantic sharpnose
shark simulations. Note that accurately estimated relative depletion should equal 1. Simulation scenarios
correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and ‘gradual’ shifts in catchability.
Each row is separated based on the underlying fishing mortality (F) scenarios: no shift (F1), increase in F
(F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in which three surveys were
simulated are in the left column and four surveys simulated are in the right column. Note the variable y-axes.
The shape of the violins indicate the distribution of parameter estimates, where the width of the violin
corresponds to the quantity of results that fall at that respective y-value. The median (white dot), interquartile
range (black bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are
also highlighted.
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Figure S4. Estimated relative virgin abundance in numbers (estimated N0 / simulated N0) from CI
assessments (darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance
inputs) in the Atlantic sharpnose shark simulations. Note that accurately estimated relative N0 should equal
1. Simulation scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and
‘gradual’ shifts in catchability. Each row is separated based on the underlying fishing mortality (F) scenarios:
no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in
which three surveys were simulated are in the left column and four surveys simulated are in the right column.
Note the variable y-axes. The shape of the violins indicate the distribution of parameter estimates, where the
width of the violin corresponds to the quantity of results that fall at that respective y-value. The median (white
dot), interquartile range (black bar), and upper/lower adjacent values corresponding to a box plot limits (thin
black line) are also highlighted.
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Figure S5. Estimated root-mean square error (RMSE) of predicted abundance in numbers of fish from CI
assessments (darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance
inputs) in the Atlantic sharpnose shark simulations. Lower RMSE indicates a more accurately estimated
abundance series. Simulation scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knifeedged,’ and ‘gradual’ shifts in catchability. Each row is separated based on the underlying fishing mortality
(F) scenarios: no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4).
Simulations in which three surveys were simulated are in the left column and four surveys simulated are in
the right column. Note the variable y-axes. The shape of the violins indicate the distribution of parameter
estimates, where the width of the violin corresponds to the quantity of results that fall at that respective yvalue. The median (white dot), interquartile range (black bar), and upper/lower adjacent values corresponding
to a box plot limits (thin black line) are also highlighted.
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Sandbar shark complete results

Figure S6. Estimated relative depletion (estimated depletion / simulated depletion) from CI assessments
(darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA assessments
(lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance inputs) in the
sandbar shark simulations. Note that accurately estimated relative depletion should equal 1. Simulation
scenarios correspond to Table 3. Simulations in which surveys with complete data were simulated are in the
left column and with missing data are in the right column. Note the variable y-axes. The shape of the violins
indicate the distribution of parameter estimates, where the width of the violin corresponds to the quantity of
results that fall at that respective y-value. The median (white dot), interquartile range (black bar), and
upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
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Figure S7. Estimated relative final F (estimated Ffinal / simulated Ffinal) from CI assessments (darker shaded
violins; assessments fitted using conflicting survey indices) compared to DFA assessments (lighter shaded
violins; assessments fitted using DFA predicted trends as relative abundance inputs) in the sandbar shark
simulations. Note that accurately estimated relative Ffinal should equal 1. Simulation scenarios correspond to
Table 3. Simulations in which surveys with complete data were simulated are in the left column and with
missing data are in the right column. Note the variable y-axes. The shape of the violins indicate the
distribution of parameter estimates, where the width of the violin corresponds to the quantity of results that
fall at that respective y-value. The median (white dot), interquartile range (black bar), and upper/lower
adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
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Figure S8. Estimated relative virgin abundance in numbers of fish (estimated N0 / simulated N0) from CI
assessments (darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance
inputs) in the sandbar shark simulations. Note that accurately estimated relative N0 should equal 1. Simulation
scenarios correspond to Table 3. Simulations in which surveys with complete data were simulated are in the
left column and with missing data are in the right column. Note the variable y-axes. The shape of the violins
indicate the distribution of parameter estimates, where the width of the violin corresponds to the quantity of
results that fall at that respective y-value. The median (white dot), interquartile range (black bar), and
upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
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Figure S9. Estimated root-mean square error (RMSE) of predicted abundance in numbers of fish from CI
assessments (darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance
inputs) in the sandbar shark simulations. Lower RMSE indicates a more accurately estimated abundance
series. Simulation scenarios correspond to Table 3. Simulations in which surveys with complete data were
simulated are in the left column and with missing data are in the right column. Note the variable y-axes. The
shape of the violins indicate the distribution of parameter estimates, where the width of the violin corresponds
to the quantity of results that fall at that respective y-value. The median (white dot), interquartile range (black
bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
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Atlantic sharpnose shark management reference point results

Figure S10. Estimated FMSY from CI assessments (darker shaded violins; assessments fitted using conflicting
survey indices) compared to DFA assessments (lighter shaded violins; assessments fitted using DFA
predicted trends as relative abundance inputs) in the Atlantic sharpnose shark simulations. Simulation
scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and ‘gradual’ shifts in
catchability. Each row is separated based on the underlying fishing mortality (F) scenarios: no shift (F1),
increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in which three
surveys were simulated are in the left column and four surveys simulated are in the right column. The shape
of the violins indicate the distribution of parameter estimates, where the width of the violin corresponds to
the quantity of results that fall at that respective y-value. The median (white dot), interquartile range (black
bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.
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Figure S11. Estimated Fratio (Ffinal / FMSY) from CI assessments (darker shaded violins; assessments fitted
using conflicting survey indices) compared to DFA assessments (lighter shaded violins; assessments fitted
using DFA predicted trends as relative abundance inputs) in the Atlantic sharpnose shark simulations.
Simulation scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and
‘gradual’ shifts in catchability. Each row is separated based on the underlying fishing mortality (F) scenarios:
no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in
which three surveys were simulated are in the left column and four surveys simulated are in the right column.
The shape of the violins indicate the distribution of parameter estimates, where the width of the violin
corresponds to the quantity of results that fall at that respective y-value. The median (white dot), interquartile
range (black bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are
also highlighted.
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Figure S12. Estimated SSBMSY (Spawning Stock Biomass that supports maximum sustainable yield) from
CI assessments (darker shaded violins; assessments fitted using conflicting survey indices) compared to DFA
assessments (lighter shaded violins; assessments fitted using DFA predicted trends as relative abundance
inputs) in the Atlantic sharpnose shark simulations. Simulation scenarios correspond to Table 2, where c, k,
and g indicate ‘constant,’ ‘knife-edged,’ and ‘gradual’ shifts in catchability. Each row is separated based on
the underlying fishing mortality (F) scenarios: no shift (F1), increase in F (F2), decrease in F (F3), and an
increase then decrease in F (F4). Simulations in which three surveys were simulated are in the left column
and four surveys simulated are in the right column. The shape of the violins indicate the distribution of
parameter estimates, where the width of the violin corresponds to the quantity of results that fall at that
respective y-value. The median (white dot), interquartile range (black bar), and upper/lower adjacent values
corresponding to a box plot limits (thin black line) are also highlighted.
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Figure S13. Estimated SSBratio (SSBfinal/SSB0) from CI assessments (darker shaded violins; assessments
fitted using conflicting survey indices) compared to DFA assessments (lighter shaded violins; assessments
fitted using DFA predicted trends as relative abundance inputs) in the Atlantic sharpnose shark simulations.
Simulation scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and
‘gradual’ shifts in catchability. Each row is separated based on the underlying fishing mortality (F) scenarios:
no shift (F1), increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in
which three surveys were simulated are in the left column and four surveys simulated are in the right column.
The shape of the violins indicate the distribution of parameter estimates, where the width of the violin
corresponds to the quantity of results that fall at that respective y-value. The median (white dot), interquartile
range (black bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are
also highlighted.
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Figure S14. Estimated SSBMSY / SSB0 from CI assessments (darker shaded violins; assessments fitted using
conflicting survey indices) compared to DFA assessments (lighter shaded violins; assessments fitted using
DFA predicted trends as relative abundance inputs) in the Atlantic sharpnose shark simulations. Simulation
scenarios correspond to Table 2, where c, k, and g indicate ‘constant,’ ‘knife-edged,’ and ‘gradual’ shifts in
catchability. Each row is separated based on the underlying fishing mortality (F) scenarios: no shift (F1),
increase in F (F2), decrease in F (F3), and an increase then decrease in F (F4). Simulations in which three
surveys were simulated are in the left column and four surveys simulated are in the right column. The shape
of the violins indicate the distribution of parameter estimates, where the width of the violin corresponds to
the quantity of results that fall at that respective y-value. The median (white dot), interquartile range (black
bar), and upper/lower adjacent values corresponding to a box plot limits (thin black line) are also highlighted.

140

Supplementary Tables
Table S1. List of age-specific proportion mature, natural mortality, and female fecundity for the Atlantic
sharpnose shark from SEDAR (2013).
Age

M
0.209

Proportion
Mature
0.185

Fecundity (#
female pups)
0.401

1
2

0.209

0.953

0.762

3

0.209

0.999

1.133

4

0.209

1.000

1.448

5

0.209

1.000

1.686

6

0.209

1.000

1.852

7

0.209

1.000

1.963

8

0.209

1.000

2.035

9

0.209

1.000

2.081

10

0.209

1.000

2.11

11

0.209

1.000

2.128

12

0.209

1.000

2.139

13

0.209

1.000

2.146

14

0.209

1.000

2.15

15

0.209

1.000

2.153

16

0.209

1.000

2.155

17

0.209

1.000

2.156

18

0.209

1.000

2.156
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Table S2. List of parameter values in the Atlantic sharpnose shark operating model. Steepness (h) and von
Bertalanffy growth parameters were taken from SEDAR (2013).
Parameter
Value
Survival-Based Stock Recruitment
Z0
1.9044
Zmin
0.209
Smax
0.8114
S0
0.1489
Zfrac
0.8903
0.5808
β
H
0.56
log(R0)
6.2035
R0
494.4797
Npups0
3320.671
Sfrac
0.89
Von Bertalanffy Growth
Kavg
0.49
81.6
L∞_avg
t0
-0.97
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Table S3. List of age-specific female proportion mature, female natural mortality, and fecundity for the
simulated sandbar shark population from SEDAR (2017).
Age

Natural
mortality (M)

Proportion
mature

Fecundity
(# pups)

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

0.1604
0.1604
0.1604
0.1604
0.1604
0.1604
0.1578
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168
0.1168

0
0
0
0
0
0
0.01
0.02
0.03
0.06
0.12
0.21
0.33
0.49
0.65
0.78
0.88
0.93
0.96
0.98
0.99
0.99
1
1
1
1
1
1
1
1
1
1

6.1390
6.6107
7.0274
7.3955
7.7206
8.0079
8.2616
8.4857
8.6838
8.8587
9.0132
9.1497
9.2703
9.3768
9.4709
9.5540
9.6274
9.6923
9.7496
9.8002
9.8449
9.8844
9.9193
9.9501
9.9774
10.0014
10.0227
10.0414
10.0580
10.0727
10.0856
10.0970
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Table S4. List of parameter values in the sandbar shark operating model. Steepness (h) and von Bertalanffy
growth parameters were taken from SEDAR (2017).
Parameter
Value
Survival-Based Stock Recruitment
Z0
1.0715
Zmin
0.1604
Smax
0.8518
S0
0.3377
Zfrac
0.8503
0.3658
β
H
0.3
log(R0)
6.9078
R0
1000
Npups0
2919.848
Von Bertalanffy Growth
Male
Female
Kavg
0.15
0.12
172.97
181.15
L∞_avg
t0
-2.33
-3.09
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Table S5. Table describing how selectivity was modeled in each EM. Selectivity parameters that were fixed are denoted by values in the “Fixed Params” columns.
Shaded boxes indicate selectivity patterns with fewer parameters. Note that Atlantic sharpnose shark survey selectivities were estimated, but with tighter priors
(i.e., lower standard deviations).
Atlantic sharpnose shark
EM

Survey Selectivity

all EMs - 1
fishery

Time
blocks?

F1 - double normal

No

S1 - logistic
S2 - logistic
S3 - logistic

No

SDFA - logistic

No

S1 - logistic
S2 - logistic
S3 - logistic
S4 - logistic

No

CI EM - 3
surveys
DFA EM - 3
surveys
CI EM - 3
surveys

DFA EM - 4
SDFA - logistic
surveys
Sandbar shark
EM
all EMs - 4
fisheries

CI EM complete data

Survey Selectivity
F1 - double normal
F2 - logistic
F3 - double normal
F4 - logistic
S1 - double normal
S2 - logistic
S3 - double normal
S4 - double normal
S5 - double normal
S6 - double normal
S7 - double normal

Fixed params - Female
P1

P2

P3

P4

Fixed params - Male offset
P5

P6

P1

P2

P3

P4

P5

P6

P5

P6

Yes
Time
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CHAPTER 4
Management strategy evaluation-based performance of candidate threshold harvest
control rules for a coastal shark in the southeast United States

Abstract
Coastal sharks are challenging to manage in the United States due to their slow-growing life history,
limited data availability, history of overexploitation, and competing stakeholder interests. Further, species
like the sandbar shark are subjected to international exploitation unmanaged by the U.S. The current target
fishing mortality rate is set equal to the upper limit, with no buffering for scientific and management
uncertainty. We conducted a management strategy evaluation using Stock Synthesis on the large coastal
sandbar shark to test the performance of various configurations of a threshold harvest control rule. In addition
to uncertainties addressed in the operating model, we built multiple implementation models to address
uncertainties related to future levels of a partially unmanaged source of removals, the combined Mexican and
U.S. recreational (MexRec) fleet. We found that the presence of unregulated removals had the potential to
significantly influence the success of the various management procedures tested. Notably, if MexRec catches
continue to increase with total stock abundance following historical trends, the rate of MexRec removals will
be too large to allow the sandbar shark to recover across operating models. We present trade-offs between
performance metrics across a range of 24 management procedures and three implementation models.

Introduction
Managing fisheries according to management procedures (MPs) is gaining traction worldwide (Punt
et al. 2016; ICES 2019), as MP-based management is consistent with the FAO’s precautionary approach
(FAO, 1996). MPs include a pre-specified rule for adjusting management measures based on the status of a
stock, commonly termed a harvest control rule (HCRs; Restrepo et al., 1998; NMFS, 2016). By
conservatively reducing catch limits, MPs account for scientific and management uncertainty and reduce the
risk to the resource (MSA, 2007; NMFS, 2019). Accordingly, development of MPs is also increasing in the
United States (DeVore and Gilden, 2019), where the Magnuson-Stevens Fishery Conservation and
Management Act (MSA) governs fishery management (MSA, 2007).
The combination of an HCR, fishery-specific data-generating procedures, an estimating model (EM;
e.g., assessment model), and implementation procedures define an MP. Management strategy evaluation
(MSE) is the approach by which the performance of alternative MPs are evaluated through closed-loop
simulation (Holland, 2010; Punt, 2010). In addition to development of candidate MPs, MSE involves
specification of management objectives, identification of major uncertainties within the fishery, development
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and conditioning of multiple operating models (OMs), and presentation of the trade-offs among management
objectives obtained from simulating the fishery under the various candidate MPs (Sainsbury et al., 2000;
A'mar et al., 2008; Punt et al., 2016). An MSE is distinguished from a traditional risk analysis through the
feedback loop that regularly applies the MP-derived ACL back to the fishery in each time step (generally
with associated implementation and management uncertainty). Including stakeholder input to clarify
management objectives and foster buy-in to the management process is considered best practice within MSE
(Punt et al., 2016; Goethel et al., 2019), though many pertinent questions can be investigated with MSEs with
no direct stakeholder input. Consequently, the overwhelming majority of MSE simulations have been desk
MSEs (Punt et al., 2005; A'mar et al., 2008; Carruthers et al., 2016).
Because some fishes cross international boundaries and are thus designated “highly migratory
species” within the U.S., they are not as strictly bound to the MSA as domestic species, which allows room
for international collaboration and agreements (MSA, 2007). Management of international fisheries is
particularly challenging, because several nations with conflicting management goals often need to collaborate
to achieve their objectives or operate competitively as independent governing bodies (Munro, 2009). As such,
the influence of external, unmanaged removals has rarely been considered on the efficacy of a management
procedure (Van Beveren et al., 2020).
Domestic coastal sharks within the U.S. Atlantic are currently managed under the National Oceanic
and Atmospheric Administration (NOAA) National Marine Fisheries Service (NMFS) Atlantic Highly
Migratory Species Fishery Management Plan. As such, many Atlantic coastal shark distributions span
multiple countries and are consequently subjected to harvest by non-U.S. countries. To date, no management
strategy has been formally proposed or utilized for these sharks within the U.S. (NMFS, 2019).
Coastal sharks are generally considered data-poor (Stevens et al., 2000; Ellis et al., 2008; Cortés et
al., 2015), susceptible to overexploitation (Musick et al., 2000; Stevens et al., 2000), and challenging to assess
and manage (Cortés, 2011; Cortés et al., 2015). Specifically, sharks comprise intrinsically slow-growing
populations (Musick et al., 2000; Stevens et al., 2000; Cortés, 2011) and undergo complex, sex-specific and
ontogenetically varying habitat use and migratory patterns (McCandless et al., 2007; Ellis et al., 2008;
Grubbs, 2010). Low economic value has resulted in lower research prioritization of sharks (Stevens et al.,
2000; Ellis et al., 2008; Pilling et al., 2008), such that fundamental understanding of shark life history is still
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lacking for many species (Stevens et al., 2000; Cortés et al., 2015). Particular areas of uncertainty for coastal
sharks include estimates of natural mortality (Ellis et al., 2008; Cortés, 2011), accurate age-determination
protocols (Natanson et al., 2018; Natanson and Deacy, 2019), and a generally understudied stock-recruitment
relationship (Taylor et al., 2013; Kai and Yokoi, 2017). Further, restricted spatiotemporal survey data
(Grubbs, 2010), unreliable stock structure and identification, uncertainty in the amount of unreported catch,
poorly resolved discard statistics, and unknown post release mortality (Cortés, 2011; SEDAR, 2013) pose
challenges to assessment scientists. These data limitations coupled with the history of documented shark
population declines due to unregulated overexploitation (e.g., Musick et al., 1993) have resulted in repeated
calls for conservative and precautionary management measures (e.g., Cortés, 1998; Musick et al., 2000;
Dulvy et al., 2014).
The purpose of this study is to examine potential management strategies for application to a large
coastal shark species, the sandbar shark (Carcharhinus plumbeus). The southeast U.S. sandbar shark stock is
harvested by both the U.S. and Mexico. Using a desk MSE, we examined how various parameterizations of
a threshold HCR perform for the sandbar shark across uncertainties including: natural mortality, steepness,
initial population size, form of the stock-recruit relationship, and the level of future Mexican and U.S.
recreational harvest. Because the U.S. cannot regulate Mexican catches, the future rates of Mexican harvest
is a key uncertainty in this system. We are interested in understanding (1) how an MP would perform for
coastal sharks more broadly, and (2) how unmanaged, international removals would impact the expected
performance of an MP. As such, we developed three MSE implementation scenarios: one to test the
Conceptual MP performance, assuming all catch was controlled by the HCR, and two to test MP performance
specifically for the sandbar shark, which is also subjected to Mexican removals. Performance metrics used
to assess HCR performance reflected anticipated desires of shark-directed and non-shark-directed
commercial and recreational fishers, conservationists and eco-tourism industries, as well as the limitations
outlined by the MSA and subsequent reauthorizations (MSA, 2007). This MSE is a first for the domestically
managed Atlantic coastal sharks, and has broad application to any stocks with an uncontrolled (by the MP)
component to the catch.
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Methods
Sandbar Shark
Stock, Fishery, and Management
The sandbar shark is a large coastal shark species managed by the National Oceanic and
Atmospheric Administration (NOAA) Highly Migratory Species (HMS) management division. The sandbar
shark is known to have a low intrinsic population growth rate, with a median age at maturity of 13 years
(Baremore and Hale, 2012), a reproductive cycle of 2 or 3 years (considered 2.5 years; Baremore and Hale,
2012; SEDAR, 2017), a maximum age of 31 years (SEDAR, 2017), and comprises a single stock within the
southeast U.S. and Gulf of Mexico (Heist et al., 1995). Sandbar sharks are preferred within the coastal shark
fishery due to their larger sizes, proportionally large fins, and close proximity to land (Dulvy et al., 2014).
Following an unmanaged expansion of the fishery in the 1980s, the southeast U.S. sandbar shark stock
declined rapidly to overfished levels into the early 1990s. As a result of federal management implementations
initiated throughout the mid-1990s, the stock has since begun to recover into the 2010s (Peterson et al., 2017;
SEDAR, 2017). Retention of sandbar sharks is prohibited in commercial and recreational fisheries, though a
small research fishery is maintained. Currently, the sandbar shark is below its biomass threshold (i.e.,
overfished) and its current fishing mortality rate is less than the maximum threshold (i.e., is not experiencing
overfishing; SEDAR, 2017). Although, uncertainty in stock status is high, as various sensitivity scenarios in
the most recent stock assessment produced vastly different depictions of stock status (SEDAR, 2017).
The stock assessment partitions catch according to four fishing fleets: (1) the U.S. commercial fleet
in the Gulf of Mexico, (2) the U.S. commercial fleet in the Atlantic Ocean, (3) the U.S. recreational catches
combined with landings from the Mexican fishery (MexRec fleet), and (4) dead discards attributed to the
Gulf of Mexico menhaden purse seine fishery (SEDAR 2017). Catches are generally considered particularly
uncertain for coastal sharks, largely because they were rarely identified to species level in the historical time
period (Cortés, 2011). Further, the MexRec fleet is the most uncertain due to particularly high uncertainty in
U.S. recreational catch estimates and Mexican landings (E. Cortés personal observation).
There is no HCR in place for coastal sharks in the U.S. (NMFS, 2019). Because the sandbar shark
is currently overfished, a rebuilding plan is in place. A quota is recommended by defining the level of
exploitation that would ensure the stock is not overfished with 70% probability by the end of the projection
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period. Annual commercial catch limits are then specified by first subtracting anticipated recreational catch
and bycatch mortality (58 mt for sandbar shark) and then correcting for past over- or under-harvest (SEDAR,
2017).

Management Strategy Evaluation Protocol
An MSE was developed for the sandbar shark in the southeast United States using R (version 3.6.3;
R Core Team, 2020) and Stock Synthesis (version 3.30.15; Methot and Wetzel, 2013). Stock synthesis is a
packaged tool for applying integrated, statistical catch-at-age assessments (Methot and Wetzel, 2013), and
has proven useful in MSE applications (Maunder, 2014; Hicks et al., 2016). We relied extensively on the R
package ‘r4ss’ (Taylor et al., 2019; Taylor et al., 2021) for communication between R and Stock Synthesis
and followed Maunder (2014) for using Stock Synthesis as the operational framework for an MSE (see
supplementary

material

for

detailed

protocol;

R

code

available

at

https://github.com/cassidydpeterson/SS_MSE).
Operating Model
Stock Synthesis assessment model
The base OM was modified from the most recent Stock Synthesis assessment (SEDAR, 2017) to
include two sexes, four fishing fleets, two surveys, and a low-fecundity stock-recruit (LFSR) relationship
(Taylor et al., 2013). Due in part to computing time and to reduce model complexity, the number of surveys
in the OM was fewer than the number of surveys included in the original assessment model (11 surveys).
The two surveys included in the OM were chosen based on temporal and spatial coverage, selectivity, fit in
the assessment model, and because the corresponding assessment results were very close to those of SEDAR
(2017).
The reconfigured Stock Synthesis model was altered to reflect each OM scenario and then
conditioned on the available assessment data to ensure that each OM was consistent with the biology and
exploitation history of the sandbar shark (e.g., Figure S1). The timeframe of the OM was then extended to
include the full simulation time horizon. Additional complexity was built into the OM compared to the EM,
inherently assuming that, in practice, the assessment model was simpler than the true underlying dynamics
of the population.
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OM Process error – parameter generating process
Following OM conditioning, process error in the OM was generated using ADMB’s Markov-Chain
Monte Carlo (MCMC) protocol (Monnahan et al., 2014) to generate alternative iterations or states of nature
across which MP performance would be tested. MCMC was run across future years to generate recruitment
and parameter deviations for the entire duration of the simulation. Process error was induced through timevarying recruitment deviations, selectivity, and catchability (q; Wilberg et al., 2010). Time-varying
selectivity and catchability parameters were implemented through zero-reverting random walks (Methot et
al., 2020) to ensure they would not stray into unrealistic values (Wilberg et al., 2010). Non-time varying error
was included in von Bertalanffy length-at-age, allometric weight-at-length, and stock-recruitment parameters
(except steepness within the Beverton-Holt stock-recruitment relationship OMs). Recruitment
autocorrelation was fixed in the OMs at the value estimated in the conditioning step.
To assist in the MCMC process (including reducing computing time and improving convergence),
priors were placed on almost all estimated parameters (excluding the natural logarithm of virgin recruitment;
Monnahan et al., 2019). We ensured priors were informative, particularly for parameters for which there were
little data to inform parameter estimates (e.g., selectivity). Prior means were defined as the values estimated
through conditioning each OM, and prior standard deviations were generally restricted to be an order of
magnitude less than the respective prior mean. By necessarily constraining some priors, we ensured that
future projections were viable.
OM Observation error – data generating process
Observation uncertainty, or uncertainty induced within the data-generating step, was included in
historical observed catches, future catches, relative abundance indices, and length-composition observations.
Data were generated using Stock Synthesis’s parametric bootstrapping protocol. Within Stock Synthesis,
instead of resampling original data, the bootstrap creates a new dataset with variance properties that are
consistent with the original data by calculating expected values for input data, and then adding random
samples from the probability distribution of the expected value for each input data type (Methot and Wetzel,
2013; Methot et al., 2020). The OM assumed lognormal error in catch and abundance observations and
multinomial error in length compositions.

153

For each future year, we specified (1) catch as obtained from the HCR and implementation models,
(2) standard error of catch, (3) effective sample size of length frequency observations, and (4) survey standard
error. The bootstrap process subsequently constructed survey indices, length compositions, and applied
observation error to commercial catches. These bootstrapped data were then used as observed data in the EM
for the corresponding year. Within the simulation, future years of the OM were populated with expected
values and bootstrapped values with observation uncertainty were input into the EM.
OM Uncertainties
By configuring simulations to reflect various hypotheses about the structure and productivity of the
underlying stock, it was possible to account for the plausible range of uncertainties in the population
dynamics and assess the robustness of each MP to uncertainties in the system. Uncertainties explored
included alternate levels of natural mortality, steepness, and overall magnitude of the resource, in addition to
the form of the stock-recruit relationship (Table 1). Multiple OMs were constructed to reflect each alternate
level of the respective uncertainty. Given the computational demands of a full factorial design of each level
of uncertainty, a “base” level of all parameters was chosen and each parameter was then allowed to vary in
turn (Punt et al., 2016; Table 2).
Because the sandbar shark is exploited by both the U.S. and Mexico, any MP employed by the U.S.
will not alter Mexican removals. The level of future Mexican removals consequently represents a major
uncertainty in the system. As such, the magnitude of future MexRec removals was treated as an additional
level of uncertainty realized through multiple implementation models.
Estimation Model
The population was assessed by inputting the bootstrap-generated data into the EM, which was a
simplified variant of the OM used in practice to assess the sandbar shark (derived from SEDAR, 2017).
Where feasible, the observations, available information, and assumptions were kept consistent with those
associated with the stock assessment model fitted in practice. In the EM, selectivity and catchability were
assumed to be time-invariant. Biological parameters were fixed and the stock was assumed to follow a
Beverton-Holt stock-recruitment relationship.
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Harvest Control Rule
The results of the EM were applied to the HCR to estimate a target catch. Threshold HCRs, or HCRs
that have one or more breakpoints at which the control rule changes (Punt, 2010), have generally been shown
to be preferable due to precautionary reduction of allowable catch when stock size is low (Deroba and Bence,
2008; Punt, 2010; Kvamsdal et al., 2016). Consequently, the effects of various parameterizations of a
threshold harvest rate HCR based on the following equation were explored:
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where F is fishing mortality, B is biomass, Flim is the upper limit F, and a and b, are parameters governing
the reduction in prescribed F at reduced biomass levels (Figure 1). A total of 24 unique parameterizations of
the HCR were explored, as determined by a factorial expansion of six levels of Flim, two levels of a, and two
levels of b (Table 3). Note that the HCR provides an F, which was then used to designate a target catch. F
was converted to catch by dividing the average pattern of fishing mortality-at-age (Fa) from the years 19952015 by fishing mortality (Fprop). Fprop was then multiplied by the HCR-derived F and the vector of biomassat-age (Ba) to generate an estimated catch-at-age vector, which was summed to generate a target catch.
Utilization of Fprop served as a mechanism to appropriately include the relative catches of each fleet and their
selectivity patterns in the target catch
Implementation Model
Overall implementation uncertainty was added following historical implementation uncertainty
between observed catch and specified target catch from the years 2008 to 2019. Historically, observed catches
have been biased low compared to specified target catch. As such, the ratio of future observed catch to target
catch was assumed to follow a lognormal distribution, and each year in the MSE projection randomly applied
implementation uncertainty following this distribution. Based on observed data, empirical relationships were
calculated between effective sample size of length composition data and either fishery catch for fishing fleets
or population biomass for fishery-independent surveys. Effective sample size for length compositions were
projected following these empirically observed relationships (see Supplementary materials for additional
information on empirical implementation model relationships).
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Catch Implementation
Following the stock assessment, catch was separated into four fleets in the OM: (1) Gulf of Mexico
U.S. commercial fleet, (2) South Atlantic U.S. commercial fleet, (3) MexRec fleet, and (4) dead discards
from the Gulf of Mexico menhaden purse seine fishery. The proportion of commercial catch in the Gulf of
Mexico relative to the commercial catch in the Atlantic Ocean from the years 1995 to 2015 was modeled
using a beta distribution. We assumed that commercial catch partitioning would follow this distribution into
the future, and as such, a randomly selected proportion of target catch was allocated to the Gulf of Mexico
from the modeled distribution. In practice, the menhaden discard fleet is not included in the HCR-designated
target catch. We assumed the menhaden discard fleet would continue to be linearly related to biomass
following the historical relationship. To address the uncertainty of future Mexican removals in the MexRec
fleet, three implementation model scenarios were developed (two Expected MP scenarios: HiMexRec and
LoMexRec, and one Conceptual MP scenario) to reflect various hypotheses of future MexRex landings
(Table 4).
Expected Implementation Scenarios
The current management process is to designate a target catch, then subtract 58 mt to account for
anticipated recreational removals and removals due to dead discarding. Accordingly, in the expected
implementation scenario in the current study, the independence of the MexRec and menhaden discard fleets
from the HCR-designated target catch was maintained. Historically, MexRec removals increased with
increasing biomass between 1995 and 2013, though recently (2008-2013) catches have remained low. Two
implementation models were built to book-end plausible Expected MP performance, (1) one in which
MexRec removals will increase with biomass following the linear trend observed between 1995 and 2013
(HiMexRec scenario), and (2) one where MexRec landings remain low and vary around the mean removals
observed between 2008 and 2013 (LoMexRec scenario; Figure 2).
Conceptual Implementation Scenario
The Conceptual MP scenario examined how the MP would perform if all removals were managed
by allowing MexRec catches to be subjected to the HCR, enabling determination of how these MPs would
perform for a slow-growing coastal shark species more generally. In the Conceptual implementation model,
HCR-designated target catch was not subjected to subtraction of the anticipated U.S. recreational catches as
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in the Expected MP scenarios. Then, half of the target catch was allocated towards the MexRec fishery, and
the remaining half was split between the Gulf of Mexico and Atlantic Ocean using the beta distribution as
described above.
Simulation Specifics
In the current simulation, stock assessments occurred every five years. The target catch calculated
in a given assessment year was applied in each year until the next assessment, with unique implementation
uncertainty in each year. The time horizon of the simulation was 100 years, allowing sufficient time for the
model to allow the overfished sandbar stock to recover, if possible. Each OM-HCR-implementation model
scenario was run for 100 iterations.
Performance Metrics
Performance metrics were identified based on best practices (e.g., Punt et al., 2016; Punt, 2017), the
goals of the current rebuilding plan (as referenced in SEDAR, 2017), and a thought exercise wherein relevant
stakeholder desires were considered given our understanding of the fishery. In SEDAR (2017), the rebuilding
projection target was to rebuild the stock with 70% probability by the end of the 2070 rebuilding period. The
performance metrics included: probability of stock recovery (where recovery was defined as B ≥ BMSY, where
the subscript MSY indicates the corresponding value at maximum sustainable yield), average annual and total
catch, mid-term (year=2070, representing the end of the rebuilding period for sandbar shark) and end year
(2115) estimation of stock status (B/BMSY and F/FMSY) and catch, probability of overfishing throughout the
simulation horizon (POF; calculated by summing the number of years in which F>FMSY divided by the 100
years in the simulation horizon), average annual variability in catch (𝐴𝐴𝐴𝐴𝐴𝐴 =

∑| 𝐶𝐶𝑡𝑡 −𝐶𝐶𝑡𝑡−1 |
∑ 𝐶𝐶𝑡𝑡

, where C is catch at

all times t within the simulation horizon), and annual average length within the stock. All performance
metrics were calculated from the OM. Note that for many non-shark fishers, coastal sharks are deemed a
nuisance species (Carlson et al., 2019; C. Peterson personal observation), as they are known to depredate
other fisheries (Mitchell et al., 2018; Tixier et al., 2020). As such, we were also conscious of HCRs that
resulted in very large biomass levels (B > 1.5BMSY). Median performance metrics were presented following
Butterworth and Punt’s (1999) recommendation for K-selected species.
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Results
Operating Model Parameterizations
The effect of the stock-recruit relationship had slight implications for stock productivity and the
shape of the biomass-yield curve. The LFSR relationship (OM_Base) reflected a stock for which optimum
yield occurred at a higher biomass level, thereby assuming a more pessimistic current stock status compared
to the BH stock-recruitment (OM_BH). A BH stock recruit relationship resulted in a stock for which MSY
occurs at lower biomass levels, such that the optimal state of the fishery would be to fish the stock to lower
biomass levels, consequently resulting in more optimistic stock status estimation relative to LFSR (Figure
3). Further, productivity appeared to be greater in the BH stock recruitment scenarios, as observed by
decreased time to stock recovery in the absence of fishing compared to LFSR scenarios (Figure 4).
As expected, with increased steepness (OM_Hih), stock productivity and rebuilding capacity
increased (Figure 4). A low steepness value of 0.2 was initially proposed. However, under this condition, the
stock biomass was projected to decline in the absence of fishing throughout the simulated time horizon,
indicating that the stock could never recover. Therefore, for the low steepness scenario (OM_Loh), steepness
was defined at 0.25, resulting in slow population growth in the absence of fishing.
The effect of increasing the overall magnitude of the stock (OM_lnR0) resulted in a generally
healthy stock throughout the historical time period, for which biomass only dipped below SSBMSY after 2005
and would be recovered by the year 2023 in the absence of fishing (Figure 4). The effect of reduced natural
mortality, assuming an LFSR relationship, resulted in a stock for which any fishing pressure would result in
an overfished stock (i.e., SSBMSY ≈ SSB0, where SSB0 is virgin spawning stock biomass). Consequently, the
reduced natural mortality OM was conditioned with a BH stock recruit relationship (OM_M_BH). Assuming
a BH stock recruit relationship, the effect of reduced natural mortality was compensated for by an increased
stock size (SSB0 = 4053 mt, compared to the BH scenario in which SSB0=1434 mt). Thus, given the large
increase in stock size, historical fishing pressure did not result in stock biomass well below its threshold,
similar to the lnR0 OM scenario (Figure 4).
In the absence of fishing (Figure 4), the expected recovery of the stock would occur in the year 2071
in OM_Base, 2054 for OM_BH, 2042 in OM_Hih, sometime after the year 2115 in OM_Loh, 2022 in
OM_lnR0, and in 2024 for OM_M_BH (Table 2).

158

Management Procedure Performance
Management procedure performance varied based on both the implementation model and OM.
Overall, the effect of the implementation model had a much greater impact on MP performance than HCR
parameterization (Figure 5).
HCR Parameterization
MP performance across candidate HCRs reflects tradeoffs in management objectives (Figure 6).
Across OMs, average age 1+ instantaneous natural mortality (0.0627 in OM_M_BH and 0.125 in all other
OMs) was greater than FMSY, except in the low M_BH scenario (see Table 2 for OM-specific FMSY), suggesting
that setting Flim at a rate equal to M is likely too high. The ratio of FMSY/M ranged from 1.177 in OM_M_BH
to 0.530 in OM_Loh (Table 2). Consequently, when Flim was high, U.S. commercial catch increased, while
terminal spawning stock biomass and probability of stock recovery declined. When Flim was equal to 0.2M,
the resulting SSB2115 was much greater than SSBMSY in the Conceptual and LoMexRec implementation
scenarios, indicating that Flim=0.2M was too low in those scenarios. When a is set equal to 30% of SSB0, the
probability of stock recovery improved over HCRs wherein a=0, but cumulative commercial catch was much
lower. When b was equal to 80% of BMSY, the terminal spawning stock biomass and probability of recovery
decreased slightly relative to when b=BMSY, accompanied by a slight increase in cumulative U.S. commercial
catch (Figure 6).
OM Uncertainties
MPs performed comparatively across OM_Base and OM_BH, despite different stock recruitment
assumptions (Figures S2 – S13). However, recovery was slower in OM_Base, and in many iterations, SSB
did not exceed SSBMSY. This incomplete recovery is likely because the EM, which assumed BH stockrecruitment, indicated that the stock was fully recovered when it was not in the OM (Figure 3).
In the low stock productivity scenario, the sandbar shark stock did not recover by 2115 even in the
absence of fishing (Figure 4), and as such did not recover under any MP, regardless of the HCR (Figures S2,
S6, & S10). In several iterations of the Conceptual and HiMexRec implementation scenarios, the stock
collapsed in OM_Loh (Figures SS2 & S6). Contrarily, when the stock was simulated under a more productive
life history strategy (OM_Hih), the stock was capable of full recovery even under the most aggressive HCR,
excluding the HiMexRec implementation scenarios (Figure S6).
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The effect of doubling the virgin recruitment (OM_lnR0) resulted in a stock that was sufficiently
abundant that even past exploitation did not result in a collapsed fishery (Figure 4). Consequently, future
exploitation could conceivably continue at any of the tested Flim levels without collapsing the stock in any
implementation scenario (Figures S2, S6, & S10. There were, however, few iterations in the Conceptual
implementation scenario of the lnR0 OM across HCRs where the stock collapsed (Figure S2). The low natural
mortality scenario (OM_M_BH) compensated for low mortality by increasing total stock biomass (Figure 4).
This resulted in historical exploitation history comparable to the high R0 scenario. However, lower natural
mortality stock was less productive and could not sustain the same level of exploitation as the OM_lnR0
stock (Figures S2, S6, & S10). In several iterations of OM_M_BH, the stock collapsed due to excess removals
as guided by an incongruent EM (Figures S2 & S10).

Effect of Implementation Scenarios
Conceptual Implementation Scenario Performance
Within the Conceptual implementation scenario, the stock was capable of recovery in most OM
scenarios, excepting the low steepness (OM_Loh) scenario and HCR configurations in which Flim was too
large (Figure 5, Figure S2). Based on qualitative performance across all OM projections (Figures 7 & S2S13), FMSY corresponded to a level around 0.6M, such that probability of recovery declined when Flim > 0.6M.
Expected Implementation Scenario Performance
High future MexRec catches
When MexRec catches were assumed to be linearly proportional to abundance following the
historical trend from 1995-2013, the rate of MexRec harvesting was too high to allow the sandbar shark to
recover to BMSY before 2115 (Figure 5 & Figures S6 – S9). In all but the two OM scenarios in which overall
biomass of the resource was inflated (OM_lnR0 and OM_M_BH), the spawning stock biomass plateaued at
a level below SSBMSY for the full simulated time horizon (Figure S6). The SSB level reached varied by the
assumed productivity of each OM. In scenarios in which the MPs reduced U.S. commercial catches, the
reduced U.S. catches were offset by increased Mexican catches due to an increase in resource size, such that
overall harvest rate remained consistently above that which would allow stock recovery to SSBMSY through
time and across scenarios. For example, consider the HCRs where Flim=0.2M, in which median U.S.
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commercial catches were zero (Figure S8), yet the resource was still unable to recover (Figure S6). As such,
we find the level of MexRec exploitation between 1995-2013 was beyond a sustainable level (Figures S7 &
S9).
Low future MexRec catches
When future MexRec catches remained low corresponding to levels of 2008-2013, MP performance
was closer to that of the Conceptual implementation scenario (Figure 5). Under LoMexRec implementation,
the stock biomass recovered to BMSY levels by 2115 in all OM scenarios excepting OM_Base and OM_Loh
(Figure S10). In the Base scenario, the EM implemented a Beverton-Holt stock-recruitment relationship,
which assumed that BMSY was slightly lower than BMSY in the OM (Figure 3), contributing to the lower
SSB2115/SSBMSY ratio (Figure S10). In the Loh scenario, the stock could not recover, even in the absence of
fishing pressure (Figure 4). The current practice of subtracting 58 mt from the target catch was sufficient to
allow for stock recovery in most OMs before 2115. However, this constant deduction from the MSY was
based on only U.S. recreational catches, and does not include Mexican removals. The average value of the
combined MexRec removals between the years 2008-2113 was approximately 109 mt; likely explaining the
longer time-to-recovery compared to the Conceptual MP performance scenario (Figure S10 vs Figure S2).

Decision Table
For the purposes of compiling results and displaying tradeoffs, each OM was weighted equally,
inherently assuming that the plausibility of each OM was equal (Tables S1-S3; Figure 7). Notably, the median
performance of each HCR across equally weighted OMs for each implementation scenario demonstrates the
significance that the future unknown MexRec catches has on the future of the sandbar shark fishery,
particularly with respect to the HiMexRec implementation scenario. Tradeoffs inherent in fisheries
management, like the tradeoff between increased U.S. commercial catch and terminal relative spawning stock
biomass, were clearly demonstrated for the sandbar shark, yet these tradeoffs varied based on the magnitude
of unmanaged removals from the population. Consider that compared to the Conceptual and the LoMexRec
implementation scenarios, the HiMexRec scenario resulted in large increases in probability of overfishing
and decreases in the probability of recovery, without corresponding increases in cumulative U.S. commercial
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catch. MSE simulations further indicated that AAV and the annual average length of females in the stock
would not be expected to change substantially with choice in HCR.
When measured across OMs, the probability of recovery by 2070, or even 2115, rarely exceeded
70%. These resulting patterns in probability of recovery indicate that fishing mortality rates would need to
be reduced to meet a 70% rebuilding target by the end of the simulated time horizon. The probability of
recovery was further impacted by unmanaged removals, which also had the potential to notably reduce
probability of recovery and increase probability of overfishing (Figure 7). While ultimately it is up to the
managers to determine acceptable risk level, few MPs tested resulted in acceptable recovery probabilities,
defined as median probabilities of recovery greater than 50% by the end of the 2070 rebuilding period. Within
the HiMexRec scenario, the median probability of recovery was less than 50% for all HCRs in the years 2070
and 2115 (Table S1). In the LoMexRec implementation scenario, the HCRs in which median recovery
probabilities were acceptable were: HCRs where Flim was equal to 0.2M, HCRs where Flim was equal to 0.4M
and a was set equal to 0.3SSB0, and HCRs where Flim was equal to FMSY or 0.6M, a was 0.3SSB0, and b was
equal to BMSY (Table S2). For the Conceptual implementation scenarios, all HCRs in which a was set to
0.3SSB0 resulted in acceptable median recovery probabilities, although the HCRs where Flim was equal to M
did not maintain a median probability of recovery greater than 0.5 by 2115 when b was equal to 0.8BMSY
(Table S3). Predictably, cumulative U.S. commercial catch was lower in scenarios where probability of
recovery was higher (Tables S1-S3).

Discussion
We followed the Maunder (2014) approach to creating a Stock Synthesis-based MSE simulation
framework and applied it to the large coastal sandbar shark. The main finding was that the success or failure
of the MPs considered for the sandbar shark within the U.S. was largely dependent on the rate of MexRec
fishing. If MexRec catches increase with increasing stock size following historical exploitation patterns, then
the rate of MexRec harvest may be too great to allow the sandbar shark stock to recover (18.0% recovery
rate across all OMs and HCRs). Contrarily, if MexRec catches remain small following recent years of low
removals as the sandbar shark stock abundance increases, then the stock will have a much higher probability
of recovery (63.7% recovery rate across all OMs and HCRs) by 2115. Exploration into the Conceptual
performance of candidate MPs wherein all catches were controlled by the MP, generally showed a more rapid
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and thorough recovery (63.2% recovery rate by 2115 across all OMs and HCRs) than when there was a source
of uncontrolled and unaccounted for removals. The rebuilding deadline, as prescribed by the MSA, for the
sandbar shark is 2070. The probability of stock recovery by the end of the rebuilding period varied by HCR
and implementation model (Figure 7), but averaged 52.9%, 46.8%, and 21.4% across OMs and HCRs for
Conceptual, LoMexRec, and HiMexRec scenarios, respectively.

HCR Parameterization
Parameterization of the HCR was less important than the implementation scenario. Comparably,
Van Beveren et al. (2020) found that the presence and magnitude of unobserved catch had a much larger
effect on the capacity of the transboundary northern mackerel stock to recover than the choice of HCR. This
finding follows that of Thorpe and De Oliveira (2019), who noted that implementation of an HCR that
reduced allowable fishing mortality at low stock sizes was more important than the exact specifications of
the HCR.
Unsurprisingly, we found that sustainable exploitation rates for the sandbar shark are low
(Apostolaki et al., 2006), and in particular, the ratio of FMSY:M across our OMs ranged from 0.530 to 1.177,
with a mean value of 0.804 and a median value of 0.788. The exact optimal fishing rate relative to natural
mortality was dependent on the OM (Table 2), and in practice, optimal FMSY, and therefore Flim, would further
depend on the specifics of the fishery, including selectivity and allocation of fishing mortality (which notably
changed in each simulated implementation scenarios). These findings are comparable to estimates by Zhou
et al. (2012), who defined an optimal FMSY:M ratio of 0.41 for chondrichthyan fishes, and Cortés and Brooks
(2018), who calculated a median ratio of 0.64 based on results of 33 shark stock assessments. Accordingly,
of the HCR parameters, Flim had the largest impact on MP performance. Given the ratio of FMSY:M, fishing at
a rate around 0.6M to 0.4M resulted in projections most comparable to those where Flim was set equal to FMSY.
Fishing at a rate equal to the mean age 1+ natural mortality rate was too high across all OMs for the sandbar
shark, whereas fishing at a rate of 0.2M was too low, resulting in forfeited catch after the stock recovered to
BMSY.
The relatively small impact of the other HCR parameter values, a and b, suggested that
implementation of a precautionary MP was more important than defining optimal parameters of the HCR.
Nevertheless, the choice in Flim, a, and b demonstrated the trade-offs inherent in managing marine fisheries
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resources. Namely, when a was larger (i.e., more precautionary), the increase in SSB was countered by a
substantial reduction in cumulative commercial catch. The effect of b was small, but larger b values resulted
in lower cumulative catch and increased probability of recovery (Figure 6). Median probabilities of stock
recovery increased when a was 0.3SSB0 and were rarely acceptable (PRecov2070 ≥ 0.5) when a was not equal
to 0.3SSB0, excepting the HiMexRec implementation scenarios. Consequently, where stock recovery is a
primary management objective, threshold HCRs with a steep ramp and zero fishing at low stock sizes (with
a = 0.3SSB0 and b = BMSY), may be good candidates for further evaluation as HCRs for Atlantic HMS. These
HCRs decreased target catch to account for uncertainty in the observation and assessment of the fishery, and
they appear rebuild the stock consistent with rebuilding plans as implemented under the MSA.

Uncertainties in the System
This MSE included six OMs and three implementation models designed to address key uncertainties
in the sandbar shark fishery. Accounting for uncertainties within an MSE is critical to evaluate whether each
MP is robust to the reasonable uncertainties in the system (Butterworth and Punt, 1999; Punt et al., 2016).
The most significant sources of uncertainty for the sandbar shark were deemed to be the form and
parameterization of the stock-recruitment relationship and natural mortality. Both natural mortality and the
form and parameterization of the stock-recruitment relationship are uncertainties that should regularly be
considered in an MSE (Deroba and Bence, 2008; Punt et al., 2016), as HCR performance has been particularly
sensitive to natural mortality in a variety of r- and K-selected life history strategists (Butterworth and Punt,
1999). Further, the stock-recruitment relationship has been known to be a significant source of uncertainty
in elasmobranchs (Kai and Yokoi, 2017; Kai and Fujinami, 2018), along with natural mortality (Kai and
Yokoi, 2017). Punt et al. (2016) also recommended exploring uncertainty in the overall size of the resource,
which we characterized through the magnitude of virgin recruitment.
Impact of the Stock-Recruitment Relationship
A key uncertainty evaluated was the effect of assuming an LFSR (OM_Base) versus a B-H stock
recruitment (OM_BH) relationship. The distinction is in the density-dependent compensatory response of the
population following population reduction. While most stock assessment parameters were very similar
between the Base and BH parameterized models (e.g., estimated F, depletion), derived MSY-based
management reference points were different (Table 2). Estimated MSY, BMSY, and FMSY were lower in
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OM_BH than in OM_Base. Therefore, the OM_Base assumed the status of the stock was more pessimistic
than the OM_BH stock status estimates (see Figure 3).
We investigated the impact of assuming an LFSR relationship in the OM while the EM assumed a
B-H stock recruitment relationship on MP performance. If the sandbar shark stock follows an LFSR
relationship and we assess the stock using a B-H SR relationship (e.g., OM_Base), then the EM will assume
that BMSY is lower than it really is, which could result in an overfished stock. On the other hand, though not
tested in the current simulation, if the stock follows a B-H SR relationship and the EM assumes an LFSR
relationship, then the stock could also be subjected to overfishing since MSY is larger for stocks that follow
an LFSR relationship than those that follow a B-H SR relationship.
Form of Implementation Uncertainty
A unique aspect of this MSE was the necessity to account for uncertainty in future, unmanaged (by
the MP) catches. This is a consideration that has not received much attention within the MSE literature (e.g.,
Van Beveren et al., 2020). We present an approach to incorporate uncertainty in future catches by building
alternate implementation modules that envelop the expected range of future MexRec projections. The extent
of future, relative to historical, uncertainty that should be incorporated into an MSE has been debated (e.g.,
Butterworth, 2008a; Butterworth, 2008b; Kolody et al., 2008). Although in cases such as the sandbar shark
fishery, we agree with Kolody et al. (2008) that it would be negligent to exclude this critical source of
uncertainty in our simulation.
There is substantial uncertainty in the magnitude of historical Mexican and U.S. recreational
catches, which precluded separation of the landings into two fleets. Uncertainty stems from lacking historical
records compounded with species misidentification or lack of species-specific landing information and the
notorious difficulty in measuring recreational removals (Cortés, 2011). The necessary understanding to
predict the future Mexican harvest sandbar shark is presently lacking, so we explored the impacts of the two
extreme cases of high or low projected MexRec catches on the sandbar shark stocks. The rate of increase in
MexRec catches with stock biomass in the HiMexRec scenario is likely an upper bound, since the rate was
based on both Mexican catches and U.S. recreational catches, and harvest of sandbar shark has since been
prohibited in the U.S. recreational fishery. On the other hand, the rate of Mexican harvest in the LoMexRec
scenario serves as a lower bound, since an increase in sandbar shark biomass will likely increase encounter
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rates of Mexican and U.S. recreational fishers, which could reasonably lead to increased catch-related
mortality. By estimating plausible high and low MexRec catch scenarios, we are effectively creating and
envelope around potential future states of nature. Ultimately, future MexRec removals will have a substantial
impact on the ability of the sandbar shark stock to recover to BMSY.
In the HiMexRec scenario, the sandbar shark fishery management objectives were maximized by
deliberately overfishing the stock. Any foregone U.S. commercial yield would merely be taken by the
MexRec fleet. As such, there was no added benefit to reducing catch in the short-term, as it failed to result
in long-term increases in yield or biomass. This scenario is akin to a pseudo ‘prisoner’s dilemma’ in which
cooperation between two parties would yield in the most beneficial outcome overall, but each party assumes
the other will not cooperate and instead acts in a self-interested manner wherein non-cooperation becomes
the best individual strategy (Munro, 2009). In the LoMexRec scenario, recovery was achievable within a
reasonable probability (e.g., 41-72% depending on MP), but owing to additional removals that were not
accounted for in the target catch determination, recovery time was greater than that within the Conceptual
model when all major sources of fishery removals were managed. The Conceptual MP performance served
as a baseline for the sandbar shark, demonstrating the impact of additional, unmanaged catch on MP
performance. The Conceptual MP also provides insight into how a threshold HCR would perform for other
domestic coastal shark species, given a species of similar life history and fishery structure wherein all
removals are managed by a single governing body. The improved management performance of the
Conceptual MP further exemplifies what could be realized under a coordinated international management
effort.

Conceptual Versus Expected Implementation Scenario Performance
We illustrated the distinction between how intuitively an MP should perform a priori (Conceptual
MP performance following the Conceptual implementation scenario) compared to how the MP is expected
to perform in a given system (Expected MP performance following the Expected implementation scenarios).
In this simulation, the Expected MP performance accounted for Mexican removals that were not subjected
to the U.S.’s MP (HiMexRec and LoMexRec implementation scenarios), while the Conceptual MP
performance is the case in which all substantial fishery removals are subjected to management through the
MP (Conceptual implementation scenario). In the Conceptual scenario, spawning stock biomass recovered
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until it plateaued at a level corresponding to the respective Flim, accounting for natural differences between
‘true,’ simulated dynamics and dynamics assumed in the EM for each OM (Figure S2). However, in the
HiMexRec and LoMexRec scenarios, recovery was unachievable or slower (Figures 7, S6, & S10), while
U.S. commercial catch and the length composition of the stock were potentially affected (Figure 7). The
impact of high MexRec fishing had the largest impact on the management objectives relative to the
Conceptual scenario.
This research highlights the importance of considering relevant uncertainties that may affect the
performance of an MP within a fishery of interest. Given the fishery-specific nature of an MP, it is generally
understood that if the intent of the MSE is to adopt the MP, MSEs should be conducted on a fisheries-specific
basis to ensure that the proposed MP can accommodate the specific life history and fishery of that stock
(Butterworth and Punt, 1999; Apostolaki et al., 2006; Kronlund et al., 2014; Forrest et al., 2018). The ultimate
utility of MSE results is largely dependent on whether the OM is able to capture the true fishery and
population dynamics and incorporate the full range of uncertainty (Butterworth and Punt, 1999). However,
in the absence of unlimited resources, implementation of a generic HCR simulation-tested through a generic
MSE (e.g., Punt et al., 2016) will likely suffice for many stocks (e.g., 40-10 HCR; NPFMC, 2005). We
conducted the Conceptual implementation scenario to act as a pseudo-generic MSE for other coastal shark
species with similar life histories for which catches can be regulated.
Comparing Conceptual versus Expected MP performance suggests that failing to account for all
unique aspects of the fishery (e.g., international removals) may substantially alter the MP performance in
practice. For example, we emphasize the difference in MP performance between the Conceptual and
HiMexRec Expected MP scenarios. As such, we should not expect ‘generic’ HCR performance (e.g.,
Conceptual MP scenario) within the U.S. sandbar shark fishery. Further considerations in other systems may
include significant ecosystem dynamics (e.g., red tide or climate change; Harford et al., 2018; Holsman et
al., 2020), data/management lag (e.g., Shertzer and Prager, 2007), spatial or stock structure (e.g., Atlantic
bluefin tuna, Carruthers and Butterworth, 2018), among many others.
As in the sandbar shark fishery, the concept of multiple implementation models may be useful in
additional unconventional circumstances. For example, consider fisheries where total and projected removals
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are unknown, including fisheries dominated by the recreational sector (Shertzer et al., 2019), bycatch species
with high at-vessel and/or post-release mortality (e.g., pelagic sharks, Bonfil, 1994), or illegal, unreported,
and unregulated (IUU) fishing (Stiles et al., 2013). Each of these concerns are particularly relevant for sharks
managed within the United States. The results of our study highlight the importance of fully considering how
MP application will occur in the future within a given fishery.

Challenges Managing Coastal Sharks
Following unregulated overexploitation of sharks in the 1970s and 1980s (Musick et al., 1993),
precautionary management was enacted in the 1990s (SEDAR, 2011). Despite encouraging preliminary
indicators of stock recovery (Peterson et al., 2017), assessments still show that a number of large coastal
sharks are overfished and under rebuilding plans (SEDAR, 2016; SEDAR, 2017). The fishery, along with
the abundance of many coastal shark stocks, has seemingly not fully recovered (Carlson et al., 2012). It has
been argued that management of coastal sharks should be precautionary, due to their inherently slow capacity
to recover from over-exploitation (Musick et al., 2000; Stevens et al., 2000; Apostolaki et al., 2006).
Ultimately, the challenges of assessing and managing coastal sharks are numerous and well documented
(Musick et al., 2000; Stevens et al., 2000; Cortés, 2011).
Beyond challenges associated with assessing coastal shark stocks (Cortés, 2011), the management
of coastal sharks is itself contentious within the coastal and fishing communities (Carlson et al., 2019).
Expected management objectives of coastal sharks strongly oppose one another, a problem exacerbated by
the number of conflicting stakeholders and strong attitudes towards sharks (Castro, 2016). In addition to
fearful opinions of sharks and concern about their interactions with other threatened species (Carlson et al.,
2019), fishers have overwhelmingly reported an overabundance of sharks and corresponding depredation
which directly impacts their catch and livelihood (Mitchell et al., 2018; Carlson et al., 2019; Tixier et al.,
2020). These perspectives contrast with those of conservationists (Simpfendorfer et al., 2011; Castro, 2016)
and individuals within the shark tourism industry (Gallagher and Hammerschlag, 2011; CisnerosMontemayor et al., 2013). Commercial and recreational coastal shark fishers goals’ may differ still (Punt et
al., 2016; Gallagher et al., 2017), contrasted with federal management guidelines (MSA, 2007).
Maintaining biomass at a level that supports removal of optimum yield is the objective that has been
codified within U.S. fisheries management legislation (MSA, 2007), and in practice, optimum yield is
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generally considered equal to MSY for domestic coastal sharks. However, optimum yield is technically
defined as MSY “as reduced by any social, economic, or ecological factor” (NMFS, 2016). We further
acknowledge that fishing activities can, in fact, be sustainable at levels other than MSY and BMSY. As
determined by the prioritization of management objectives for the sandbar shark, the optimal fishery
configuration may be one in which the ideal biomass is not equal to BMSY. Within such a contentious
management framework, these topics may warrant additional consideration as fisheries management
continues to evolve. We emphasize that it is not our goal as scientists to prescribe an optimal MP, as the best
MP would be largely dependent on the personal ranking of management goals of each individual. Instead,
we lay bare the inherent trade-offs between management objectives associated with each MP tested for the
sandbar shark fishery in the U.S. across system-wide uncertainties.

International Fisheries Management
This research additionally highlights the challenges and importance of cooperative management of
migratory and transboundary stocks. International fisheries management is often subjected to the ‘tragedy of
the commons’, wherein the interests of competing nations likely do not support long-term sustainability goals
(Munro, 2009). This was demonstrated in our HiMexRec scenario, wherein overfishing the stock maximized
U.S. sandbar shark management objectives despite not achieving stock recovery. As such, McWhinnie (2009)
demonstrated that fisheries shared by multiple nations are more likely to be overfished. These results are
exacerbated when the target stock is slow-growing and/or of high economic value (McWhinnie, 2009).
International fisheries management is particularly challenged when participating nations are not a
part of the management entity governing fisheries management of the stock (e.g., Koubrak and
VanderZwaag, 2020). These ‘free riding’ nations typically receive the benefits of sustainable and
collaborative fisheries management without the requirement to abide by the regulations of the cooperative
agreement (Munro, 2009). Inevitably, the challenges and significance of collaborative international fisheries
will only heighten in the face of climate change (e.g., Engler, 2020; Koubrak and VanderZwaag, 2020;
Sumaila and VanderZwaag, 2020), especially considering that changes in the fishery, like those catalyzed by
climate change, often stimulate disruption in cooperative management agreements (Munro, 2009).
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Relevance
Execution of an MSE to characterize HCR performance on coastal Atlantic sharks has been
repeatedly called for (Cortés et al., 2015; NMFS, 2020). Management goals for Atlantic highly migratory
species (HMS) include use of MSE to determine the legitimacy of various MPs, and identification of barriers
towards achievement of optimum yield for HMS species (NMFS, 2020). We conducted an MSE for a
representative large coastal shark, which allowed us to identify tradeoffs in management performance to the
various HCR parameterizations tested for a large coastal shark, and identify unregulated removals as a
potential barrier towards effective HMS management (Figure 7).
A key driver in the motivation to consider the Conceptual MP performance was the ability to apply
the results of this MSE to other coastal shark species. Keeping in mind the caveats noted above, the results
from this study may be useful for managing additional coastal shark species with similar life history,
including those that are entirely distributed within U.S. management boundaries or are not harvested by other
countries, until a fishery-specific simulation may be undertaken. This study also highlighted that future
MexRec fishing activities are a major uncertainty affecting the ability of the sandbar shark to recover.
Utilization of multiple implementation models represented a way to explicitly account for uncertainty in
future non-regulated removals. We believe these findings will prove useful in the future of Atlantic coastal
shark management.
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Tables and Figures
Table 1. Uncertainties considered to formulate the various operating models within the sandbar shark MSE.
Note lo and hi labels only reference lower and higher productivity scenarios and/or parameter values for the
purposes of presentation. M is natural mortality, h is steepness, S-R is stock-recruitment, B-H SR is BevertonHolt stock recruitment relationship, and LFSR is low-fecundity stock recruitment relationship (Taylor et al.
2013). “Current” denotes that the model assumed the estimated value from the most recent stock assessment
(SEDAR 2017).
Uncertainty
M
H
S-R parameterization
Virgin Recruitment

Lo*
½M
↓h = 0.2
B-H SR
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Base
Current
h = 0.3
LFSR
Current

Hi*
↑h = 0.4
2 × current

Table 2. List of six operating models with associated levels of relevant parameters. Note that the base OM
is italicized. M is natural mortality, h is steepness, ln(R0) is the natural logarithm of virgin recruitment, S-R
is the form of the stock-recruitment relationship, and Current indicates that the model assumed the estimated
value from the most recent stock assessment (SEDAR 2017). Note that the OM with ½ M produced a
nonsensical yield-biomass curve when LFSR was specified; consequently, we chose to apply the BH stockrecruitment function to this OM scenario. Note average M of ages 1+ is 0.125 for all OMs except OM_M_BH
(where M=0.0627). OMs are named after the parameter that was altered from the base OM (OM_Base),
including the Beverton-Holt S-R relationship (OM_BH), high or low steepness levels (OM_Hih, OM_Loh),
the magnitude of virgin recruitment (OM_lnR0), and the natural mortality (OM_M_BH). “Current” denotes
that the model assumed the estimated value from the most recent stock assessment (SEDAR 2017).
OMS
M
h
R0
S-R
MSY
FMSY
FMSY/M
SSBMSY
YEAR OF
RECOVERY IF F=0

BASE
Current
h=0.3
Current
LFSR
531
0.1002
0.802
642

OM_BH
Current
h=0.3
Current
BH
375
0.0694
0.555
580

OM_HIH
Current
↑h=0.4
Current
LFSR
691
0.1230
0.984
545

OM_LOH
Current
↓h=0.25
Current
LFSR
367
0.0662
0.530
722

OM_LNR0
Current
h=0.3
2×Current
LFSR
992
0. 0967
0.774
1292

OM_M_BH
½M
h=0.3
Current
BH
300
0.0739
1.177
1489

2071

2054

2042

>2115

2022

2024
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Table 3. Harvest control rule (HCR) parameterizations, where Flim is the maximum prescribed fishing
mortality rate (F), a is the threshold biomass below which prescribed F = 0, and b is the threshold biomass
below which prescribed F is reduced.
HCR1
HCR2
HCR3
HCR4
HCR5
HCR6
HCR7
HCR8
HCR9
HCR10
HCR11
HCR12
HCR13
HCR14
HCR15
HCR16
HCR17
HCR18
HCR19
HCR20
HCR21
HCR22
HCR23
HCR24

Flim
FMSY
FMSY
FMSY
FMSY
M
M
M
M
0.8M
0.8M
0.8M
0.8M
0.6M
0.6M
0.6M
0.6M
0.4M
0.4M
0.4M
0.4M
0.2M
0.2M
0.2M
0.2M

a
0
0
0.3 × B0
0.3 × B0
0
0
0.3 × B0
0.3 × B0
0
0
0.3 × B0
0.3 × B0
0
0
0.3 × B0
0.3 × B0
0
0
0.3 × B0
0.3 × B0
0
0
0.3 × B0
0.3 × B0

b
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
BMSY
0.8 × BMSY
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Table 4. Description of MSE dynamics. Note that the current MSE included six operating models (OMs),
one data-generating model, one estimating model, 24 harvest control rules (HCRs), and three implementation
models. This sums to a total of 72 management procedures (MPs; 1 data-generating model × 1 estimating
model × 24 HCRs × 3 implementation models = 72 MPs) that were applied to each of the six OMs.
MSE Dynamics
OM_Base
OM_BH
OM_Hih
Operating Model
OM_lnR0
OM_Loh
OM_M_BH
Management Procedure
Data-generating model
Data-generating model
Estimating model
Estimating model
HCR1
HCR2
HCR3
HCR4
HCR5
HCR6
HCR7
HCR8
HCR9
HCR10 HCR11 HCR12
Harvest Control Rule
HCR13 HCR14 HCR15 HCR16
HCR17 HCR18 HCR19 HCR20
HCR21 HCR22 HCR23 HCR24
Conceptual implementation scenario:
1. Conceptual
Implementation Model
Expected implementation scenarios:
2. HiMexRec
3 LoMexRec
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Figure 1. Form of the threshold harvest control rule examined in the current study, where Flim is the maximum
prescribed fishing mortality rate (F), a is the threshold biomass below which prescribed F = 0, and b is the
threshold biomass below which prescribed F is reduced.
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Figure 2. Historical relationship (1995-2013) of observed Mexican and U.S. Recreational (MexRec) catches
and total sandbar stock biomass. Points plotted in black represent observations from the years 1995-2007,
and red points were observed between the years 2008-2013. The superimposed lines demonstrate the alternate
simulated relationships between MexRec catches with biomass (black line represents the ‘HiMexRec’
implementation scenario while the red line represents the ‘LoMexRec’ implementation scenario).
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Figure 3. Biomass-yield curves for the sandbar shark assessment when assuming a B-H stock recruitment
relationship (left) compared to assuming a LFSR relationship (right).
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Figure 4. Expected trajectories of relative spawning stock biomass (SSB; calculated by dividing SSB by the
SSB that would produce maximum sustainable yield MSY; SSB/SSBMSY) in the absence of fishing mortality in
the simulated period (2016-2115) for each OM scenario.
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Figure 5. Worm plots showing OM_Base relative biomass trajectories (SSB/SSBMSY) across each harvest
control rule (HCR), where Flim is the maximum allowable fishing mortality rate, b is the threshold biomass
level below which allowable fishing is reduced, and a is the limit biomass level below which allowable
fishing mortality is set to zero. Results are presented across implementation scenarios (rows) and HCR
parameterizations (Flim values as columns), where FMSY is the fishing mortality rate that would lead to biomass
level that would produce maximum sustainable yield (BMSY), and M is the natural mortality rate. Various
configurations of a and b are color coded, where B0 is virgin biomass. Each thin, transparent line represents
one simulated iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines
represent median trajectories for each scenario.

183

Figure 6. Tradeoff plots showing the relationship between terminal biomass (SSB2115/SSBMSY) and cumulative
U.S. commercial catch throughout the entire simulation horizon of OM_Base across harvest control rules
(HCRs) for each implementation scenario. HCRs are parameterized where Flim is the maximum allowable
fishing mortality rate, b is the threshold biomass level below which allowable fishing is reduced, and a is the
limit biomass level below which allowable fishing mortality is set to zero. FMSY is the fishing mortality rate
that would lead to biomass level that would produce maximum sustainable yield (BMSY), M is the natural
mortality rate, and B0 is virgin biomass.
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Figure 7. Graphical decision table displaying harvest control rule (HCR) performance with respect to six
management objectives, across three implementation models, and assuming each OM was weighted equally.
Performance metrics include: probability of recovery by 2115 (PRecov2115), probability of recovery by 2070
(PRecov2070), probability of overfishing throughout the time horizon (POF), cumulative U.S. commercial
catch throughout the time horizon (US Catch), relative terminal spawning stock biomass (SSB2115/SSBMSY),
relative terminal fishing mortality rate (F2115/FMSY), average annual variability in catch (AAV), average length
of females in the year 2115 (Avg. Len). HCRs are defined in Table 3, Flim is the maximum allowable fishing
mortality rate, FMSY is the fishing mortality rate that would lead to biomass level that would produce
maximum sustainable yield (BMSY), and M is the natural mortality rate.
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Supplementary Materials: Chapter 4
Supplementary Figures

Figure S1. Selectivity curves of the fishing fleets from the conditioned, Base operating model (OM). Fleets
are identified as follows: F1 – Gulf of Mexico U.S. commercial fleet, F2 – South Atlantic U.S. commercial
fleet, F3 – MexRec fleet, F4 – Menhaden discard fleet; where (f) and (m) indicate female and male curves,
respectively.
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Figure S2. Worm plots showing relative biomass (SSB/SSBMSY) trajectories across each operating model
(rows) and HCR (where Flim are columns and various configurations of a and b are color coded) for the
Conceptual implementation scenario. Each thin, transparent line represents one simulated iteration (100
iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median trajectories for
the corresponding HCR.
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Figure S3. Worm plots showing relative instantaneous fishing mortality (F/FMSY) trajectories across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the Conceptual implementation scenario. Each thin, transparent line represents one simulated
iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median
trajectories for the corresponding HCR.
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Figure S4. Worm plots showing U.S. commercial catch (summed across Gulf of Mexico and South Atlantic)
trajectories across each operating model (rows) and HCR (where Flim are columns and various configurations
of a and b are color coded) for the Conceptual implementation scenario. Each thin, transparent line represents
one simulated iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines
represent median trajectories for the corresponding HCR.
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Figure S5. Probability of overfishing (POF) across the simulated time horizon (2016-2115) across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the Conceptual implementation scenario. Each violin represents the probability of overfishing for
each simulated iteration (100 iterations per OM × HCR × Implementation scenario).
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Figure S6. Worm plots showing relative biomass (SSB/SSBMSY) trajectories across each operating model
(rows) and HCR (where Flim are columns and various configurations of a and b are color coded) for the
HiMexRec implementation scenario. Each thin, transparent line represents one simulated iteration (100
iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median trajectories for
the corresponding HCR.
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Figure S7. Worm plots showing relative instantaneous fishing mortality (F/FMSY) trajectories across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the HiMexRec implementation scenario. Each thin, transparent line represents one simulated
iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median
trajectories for the corresponding HCR.
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Figure S8. Worm plots showing U.S. commercial catch (summed across Gulf of Mexico and South Atlantic)
trajectories across each operating model (rows) and HCR (where Flim are columns and various configurations
of a and b are color coded) for the HiMexRec implementation scenario. Each thin, transparent line represents
one simulated iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines
represent median trajectories for the corresponding HCR.
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Figure S9. Probability of overfishing (POF) across the simulated time horizon (2016-2115) across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the HiMexRec implementation scenario. Each violin represents the probability of overfishing for
each simulated iteration (100 iterations per OM × HCR × Implementation scenario).
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Figure S10. Worm plots showing relative biomass (SSB/SSBMSY) trajectories across each operating model
(rows) and HCR (where Flim are columns and various configurations of a and b are color coded) for the
LoMexRec implementation scenario. Each thin, transparent line represents one simulated iteration (100
iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median trajectories for
the corresponding HCR.
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Figure S11. Worm plots showing relative instantaneous fishing mortality (F/FMSY) trajectories across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the LoMexRec implementation scenario. Each thin, transparent line represents one simulated
iteration (100 iterations per OM × HCR × Implementation scenario). Thick, opaque lines represent median
trajectories for the corresponding HCR.
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Figure S12. Worm plots showing U.S. commercial catch (summed across Gulf of Mexico and South
Atlantic) trajectories across each operating model (rows) and HCR (where Flim are columns and various
configurations of a and b are color coded) for the LoMexRec implementation scenario. Each thin, transparent
line represents one simulated iteration (100 iterations per OM × HCR × Implementation scenario). Thick,
opaque lines represent median trajectories for the corresponding HCR.
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Figure S13. Probability of overfishing (POF) across the simulated time horizon (2016-2115) across each
operating model (rows) and HCR (where Flim are columns and various configurations of a and b are color
coded) for the LoMexRec implementation scenario. Each violin represents the probability of overfishing for
each simulated iteration (100 iterations per OM × HCR × Implementation scenario).
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Supplementary Tables
Table S1. Decision table showing median performance metrics for each harvest control rule for the HiMexRec IM. Performance metrics are probability of recovery
by year y (PRecovy), total cumulative U.S. commercial catch over the simulation horizon (TotUSCatch), relative spawning stock biomass and fishing mortality rate
in year y (SSBy/SSBMSY; Fy/FMSY), average annual variability in catch (AAV), and length of female sharks in year y (Fleny). PRecovy metrics are conditionally
formatted wherein probabilities that exceed 0.5 are yellow and probabilities that exceed 0.7 are green (note the probability of recovery is less than 0.5 in every
HCR). TotUSCatch is conditionally formatted where lower cumulative catches are shaded with darker hues of red.
HIMEXREC

HCR_1

HCR_2

HCR_3

HCR_4

HCR_5

HCR_6

HCR_7

HCR_8

HCR_9

HCR_10

HCR_11

HCR_12

PRecov2070

0.212

0.207

0.208

0.22

0.193

0.187

0.222

0.218

0.208

0.2

0.222

0.22

PRecov2115

0.17

0.163

0.182

0.188

0.152

0.138

0.19

0.18

0.165

0.155

0.193

0.18

TotUSCatch

5522.9

7345.4

102.5

409.7

11517.4

14317.8

229.2

1114.8

9028.7

11402.8

95.8

973.8

SSB2070 / SSBMSY

0.705

0.695

0.724

0.716

0.666

0.658

0.715

0.714

0.679

0.667

0.717

0.715

SSB2115 / SSBMSY

0.672

0.666

0.693

0.691

0.63

0.618

0.681

0.675

0.641

0.63

0.682

0.677

POF

0.38

0.39

0.38

0.38

0.4

0.41

0.39

0.38

0.405

0.41

0.39

0.39

AAV

0.376

0.372

0.186

0.2

0.371

0.369

0.203

0.198

0.373

0.371

0.192

0.194

F2070 / FMSY

0.816

0.81

0.794

0.802

0.829

0.839

0.804

0.81

0.832

0.835

0.809

0.808

F2115 / FMSY

0.906

0.911

0.893

0.901

0.933

0.931

0.899

0.856

0.916

0.928

0.883

0.878

Flen2070

102.6

102.59

102.65

102.63

102.55

102.53

102.63

102.62

102.57

102.55

102.63

102.62

Flen2115

102.68

102.66

102.71

102.69

102.58

102.67

102.68

102.75

102.64

102.62

102.68

102.68

HCR_13

HCR_14

HCR_15

HCR_16

HCR_17

HCR_18

HCR_19

HCR_20

HCR_21

HCR_22

HCR_23

HCR_24

PRecov2070

0.21

0.21

0.222

0.222

0.217

0.212

0.222

0.22

0.22

0.222

0.225

0.222

PRecov2115

0.172

0.168

0.197

0.183

0.185

0.182

0.197

0.192

0.195

0.193

0.2

0.197

TotUSCatch

6472.4

8473.4

77.1

600.6

3691.3

5247.4

0.0

334.1

640.7

1179.8

0.0

14.4

SSB2070 / SSBMSY

0.692

0.682

0.718

0.715

0.707

0.698

0.721

0.717

0.72

0.718

0.724

0.722

SSB2115 / SSBMSY

0.658

0.648

0.687

0.68

0.677

0.667

0.692

0.687

0.693

0.689

0.695

0.694

POF

0.39

0.39

0.38

0.39

0.38

0.375

0.375

0.38

0.38

0.38

0.37

0.375

AAV

0.372

0.371

0.185

0.193

0.379

0.376

0.193

0.193

0.391

0.389

0

0.184

F2070 / FMSY

0.815

0.82

0.805

0.805

0.799

0.799

0.79

0.802

0.787

0.787

0.785

0.788

F2115 / FMSY

0.914

0.917

0.901

0.9

0.889

0.9

0.906

0.902

0.889

0.902

0.901

0.91

Flen2070

102.59

102.57

102.63

102.63

102.61

102.6

102.63

102.63

102.63

102.62

102.64

102.63

Flen2115

102.65

102.64

102.68

102.68

102.65

102.66

102.66

102.66

102.68

102.68

102.66

102.66
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Table S2. Decision table showing median performance metrics for each harvest control rule for the LoMexRec IM. Performance metrics are probability of recovery
by year y (PRecovy), total cumulative U.S. commercial catch over the simulation horizon (TotUSCatch), relative spawning stock biomass and fishing mortality rate
in year y (SSBy/SSBMSY; Fy/FMSY), average annual variability in catch (AAV), and length of female sharks in year y (Fleny). PRecovy metrics are conditionally
formatted wherein probabilities that exceed 0.5 are yellow and probabilities that exceed 0.7 are green. TotUSCatch is conditionally formatted where lower
cumulative catches are shaded with darker hues of red.
LOMEXREC

HCR_1

HCR_2

HCR_3

HCR_4

HCR_5

HCR_6

HCR_7

HCR_8

HCR_9

HCR_10

HCR_11

HCR_12

PRecov2070

0.437

0.423

0.51

0.473

0.373

0.325

0.497

0.46

0.405

0.368

0.497

0.467

PRecov2115

0.622

0.598

0.702

0.682

0.493

0.412

0.677

0.62

0.537

0.493

0.692

0.643

TotUSCatch

7297.9

8761.1

3974.7

4348.1

12867.6

15568.3

4543.2

6236.9

11419.1

13398.4

3740.0

6586.4

SSB2070 / SSBMSY

0.938

0.906

1.008

0.981

0.862

0.792

0.997

0.952

0.887

0.88

0.999

0.962

SSB2115 / SSBMSY

1.116

1.083

1.196

1.159

0.994

0.925

1.158

1.103

1.038

0.988

1.176

1.128

POF

0.05

0.07

0.04

0.05

0.13

0.185

0.07

0.075

0.1

0.13

0.06

0.08

AAV

0.377

0.377

0.395

0.399

0.372

0.37

0.394

0.395

0.372

0.371

0.394

0.4

F2070 / FMSY

0.376

0.386

0.336

0.353

0.457

0.506

0.367

0.379

0.426

0.461

0.36

0.394

F2115 / FMSY

0.438

0.478

0.394

0.414

0.611

0.697

0.504

0.514

0.558

0.602

0.466

0.534

Flen2070

103.74

103.67

103.87

103.79

103.24

103.07

103.73

103.53

103.34

103.24

103.76

103.65

Flen2115

104.1

103.92

104.09

104.16

103.51

103.29

103.9

103.8

103.74

103.57

104.03

103.91

HCR_13

HCR_14

HCR_15

HCR_16

HCR_17

HCR_18

HCR_19

HCR_20

HCR_21

HCR_22

HCR_23

HCR_24

PRecov2070

0.445

0.422

0.527

0.497

0.478

0.468

0.535

0.51

0.52

0.51

0.543

0.53

PRecov2115

0.62

0.568

0.712

0.677

0.667

0.638

0.697

0.703

0.72

0.712

0.692

0.723

TotUSCatch

8539.5

10110.4

3225.6

5312.9

5590.4

7254.4

3544.1

3850.4

1993.5

2632.0

1365.6

1493.6

SSB2070 / SSBMSY

0.939

0.9

1.019

0.99

0.963

0.952

1.028

1.01

1.018

1.007

1.042

1.031

SSB2115 / SSBMSY

1.099

1.068

1.211

1.167

1.16

1.135

1.177

1.202

1.257

1.238

1.23

1.267

POF

0.06

0.08

0.05

0.07

0.045

0.05

0.04

0.04

0.02

0.03

0.04

0.03

AAV

0.377

0.375

0.395

0.393

0.382

0.379

0.399

0.396

0.392

0.388

0.398

0.396

F2070 / FMSY

0.382

0.396

0.342

0.368

0.35

0.363

0.338

0.345

0.301

0.311

0.3

0.31

F2115 / FMSY

0.488

0.507

0.428

0.482

0.409

0.433

0.382

0.411

0.33

0.341

0.33

0.341

Flen2070

103.54

103.42

103.83

103.71

103.76

103.69

103.87

103.81

103.85

103.83

103.91

103.86

Flen2115

103.92

103.82

104.09

104.02

104.13

104.06

104.03

104.17

104.28

104.31

104.24

104.31
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Table S3. Decision table showing median performance metrics for each harvest control rule for the Conceptual IM. Performance metrics are probability of recovery
by year y (PRecovy), total cumulative U.S. commercial catch over the simulation horizon (TotUSCatch), relative spawning stock biomass and fishing mortality rate
in year y (SSBy/SSBMSY; Fy/FMSY), average annual variability in catch (AAV), and length of female sharks in year y (Fleny). PRecovy metrics are conditionally
formatted wherein probabilities that exceed 0.5 are yellow and probabilities that exceed 0.7 are green. TotUSCatch is conditionally formatted where lower
cumulative catches are shaded with darker hues of red.
CONCEPT

HCR_1

HCR_2

HCR_3

HCR_4

HCR_5

HCR_6

HCR_7

HCR_8

HCR_9

HCR_10

HCR_11

HCR_12

PRecov2070

0.418

0.372

0.618

0.578

0.26

0.175

0.627

0.555

0.378

0.28

0.653

0.588

PRecov2115

0.633

0.558

0.715

0.658

0.348

0.228

0.632

0.485

0.527

0.418

0.672

0.585

TotUSCatch

6109.2

6659.4

6073.4

6332.6

7877.7

8785.6

6630.2

7368.1

6859.2

7699.9

6245.0

6855.1

SSB2070 / SSBMSY

0.939

0.896

1.097

1.057

0.799

0.74

1.092

1.025

0.883

0.825

1.112

1.059

SSB2115 / SSBMSY

1.148

1.07

1.171

1.133

0.888

0.799

1.093

0.99

1.027

0.929

1.146

1.051

POF

0.04

0.08

0.06

0.08

0.21

0.28

0.125

0.23

0.14

0.2

0.1

0.19

AAV

0.377

0.376

0.404

0.409

0.37

0.368

0.404

0.419

0.371

0.369

0.401

0.415

F2070 / FMSY

0.192

0.223

0.208

0.26

0.326

0.387

0.257

0.265

0.247

0.298

0.229

0.269

F2115 / FMSY

0.416

0.457

0.429

0.426

0.661

0.763

0.466

0.438

0.533

0.622

0.467

0.459

Flen2070

103.87

103.7

104.24

104.09

103.17

102.98

104.02

103.94

103.36

103.17

104.13

103.95

Flen2115

104.27

104.19

104.13

104.03

103.27

102.99

103.63

103.19

103.71

103.34

103.72

103.36

HCR_13

HCR_14

HCR_15

HCR_16

HCR_17

HCR_18

HCR_19

HCR_20

HCR_21

HCR_22

HCR_23

HCR_24

PRecov2070

0.463

0.408

0.673

0.625

0.53

0.507

0.665

0.655

0.637

0.617

0.708

0.69

PRecov2115

0.655

0.58

0.732

0.66

0.737

0.698

0.748

0.738

0.788

0.773

0.788

0.783

TotUSCatch

6041.8

6651.4

5849.9

6388.1

5158.6

5566.1

5436.8

5565.8

3788.6

3953.9

3620.7

3841.5

SSB2070 / SSBMSY

0.957

0.909

1.124

1.089

1.039

1.007

1.151

1.117

1.127

1.1

1.201

1.168

SSB2115 / SSBMSY

1.151

1.077

1.2

1.143

1.286

1.239

1.279

1.25

1.414

1.399

1.42

1.411

POF

0.06

0.11

0.07

0.13

0.02

0.03

0.04

0.05

0

0

0

0

AAV

0.375

0.372

0.4

0.409

0.378

0.376

0.402

0.405

0.385

0.383

0.402

0.403

F2070 / FMSY

0.201

0.236

0.197

0.25

0.157

0.178

0.165

0.215

0.103

0.118

0.097

0.142

F2115 / FMSY

0.451

0.508

0.451

0.498

0.354

0.38

0.408

0.419

0.238

0.234

0.273

0.27

Flen2070

103.62

103.45

104.15

103.99

103.93

103.82

104.35

104.16

104.24

104.14

104.49

104.33

Flen2115

104.05

103.82

103.94

103.66

104.37

104.31

104.24

104.19

104.62

104.57

104.59

104.55
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MSE Protocol
MSE PROTOCOL AS MODIFIED FROM MAUNDER 2014 ICCAT PROTOCOL:
1. Build & condition OM
a. Ideally from already fitted stock assessment model; condition alternating OMs
2. Determine the states of nature using MCMC
a. Prep OM for MCMC
i.

Extend modeling time frame to include future years in .dat and .ctl

ii.

Add zero catches for all fisheries for the simulation period over which MSE will be
conducted.

iii.

Turn the forecast off and set forecast years to zero.

iv.

Modify the control file so that bias correction is 1 for all years.

v.

Make the abundance index catchabilities as estimable parameters (not estimated analytically)
so that the MCMC takes samples of the catchability parameters.

vi.

Specify all varying parameters in OM projection
1. Process error parameters (those in .ctl file), including time-varying parameters: e.g.,
von Bertalanffy growth parameters, length-weight relationship parameters, selectivity
parameters, etc.

vii.

Correct for data-weighting; multiply length composition effective sample size by variance
adjustment factors; Must be done before bootstrap

viii.

Make recruitment deviates not a dev_var_vector (i.e. not sum to zero).

b. Run the model using the MCMC mcsave option (you can also use the –noest option if the model
has already been run with the hessian estimated), and set seed using; (-ams 200000; if memory
allocation error)
i.

ss –mcmc 1100000 –mcsave 1000 –noest –mcseed 430

c. Run the model using the MCMC mceval option. e.g. ss –mceval.
i.

Note: The draws from the posterior of the estimated parameters will be in the file
posteriors.sso. This gives us all of our process uncertainty (e.g., parameter estimates, &
recruitment deviations) for the whole simulation
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3. Evaluate the HCRs under different states of nature
a. Prep input files:
i.

OM:
1. Starter.ss: change the starter file to initiate the model parameters from the par file and
do not estimate parameters
a. 1 # 0=use init values in control file; 1=use ss3.par.
b. 0 # Turn off estimation for parameters entering after this phase.
c. 3 # Number of datafiles to produce: 1st is input, 2nd is estimates with no error,
3rd and higher are bootstrap.
2. .dat file:
a. Put in dummy data where you would like the model to simulate data (including
future years). Do not do this in the MCMC stage above, as it will influence the
parameter estimates when creating the posterior.
i.

Include all future data for the whole MSE time horizon.

ii.

NOTE: when using par file to read in initial values and do not estimate any
parameters > phase 0, the dummy data does NOT affect expected values.

b. Round effective sample size for length frequency observations
ii.

Build EM
1. Make a copy of starter OM and EM input files

b. Take a sample of the parameters from the posterior and insert them in the par file. This will require
matching up the parameters in each file since the posteriors.sso only has the estimated parameters
and the par file has all the parameters.
i.

Include recruitment deviations, time-varying parameters, all process uncertainty

c. Run the model using the –nohess command line option.
i.

Note that this bootstrap does NOT change catch standard error, effective sample size for
length frequencies, or CPUE standard error!
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d. Take the historical observed data (or the simulated historical data, if including historical uncertainty,
for this period) and add the simulated data for the future years, if appropriate (from data.ss_new) to
OM and EM data files
i.

If first year; don’t include future years until after the current EM assessment has been run

ii.

If > first year, don’t edit historical data in OM or EM input files; only take the newly created
data from the data.ss_new file

iii.

Save expected values (dataset 2) to the OM and bootstrapped data (dataset 3) to the EM .dat
files

e. Conduct the EM assessment
f. Apply the control rule to determine the quota for the next year(s).
i.

Consider/add appropriate implementation uncertainty

ii.

Consider assessment frequency and interim assessment catch designation

g. Put the target catch calculated by the decision rule (plus implementation uncertainty) in the SS3 data
file as the catch for the appropriate year
i.

Put HCR-designated catches in OM and use bootstrapping protocol to apply observation
uncertainty on observed catches in the EM

h. Repeat c-g for each year of the MSE
i. Store the appropriate information from the SS3 output files (e.g. ending biomass, average catch)
j. Repeat b-i for each sample from the posterior

MSE wrapper R code (as developed in the current study to be customized for the sandbar shark) available at:
https://github.com/cassidydpeterson/SS_MSE.
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Additional Implementation Modeling Details
Within the Expected implementation scenarios, after the target catch was determined from the HCR,
41.7 mt (27 mt for assumed recreational harvest + 14.7 mt assumed discards) was subtracted from the target
catch to account for expected recreational removals and discards. This new value served as the commercial
quota for the subsequent year following current practice (SEDAR 2017). In the Conceptual implementation
scenario, no catch was removed from the target catch.
Determining Implementation Uncertainty and Catches
•

The distribution of implementation uncertainty was based on observed commercial catch and target
catch from the years 2008 to 2019. The ratio of observed catch / target catch followed a lognormal
distribution (lognorm(μ = -0.6015450, CV = 0.3306523)). Consequently, to calculate implemented
catch, we sampled a random number from the lognormal distribution and multiplied it by the
commercial quota.

•

Commercial catch was partitioned into the Gulf of Mexico versus the Atlantic Ocean following a beta
distribution estimated from observed data from 1995-2015. The proportion of total catch attributed to
the Gulf of Mexico fleet followed the distribution β(shape1 = 8.731176, shape2 = 8.533997), and
correspondingly, the proportion attributed to the South Atlantic fleet was calculated by subtracting the
Gulf of Mexico fleet catch from the total commercial catch.

•

In the HiMexRec implementation scenario, MexRec catches were linearly related to biomass. The
linear regression (MexRec = (m × B) + b + ε, where m is the slope parameter, B is total sandbar shark
biomass, b is the intercept, and ε is the normally distributed residual error) was fitted in the
implementation model, and all future MexRec catches were calculated based on the corresponding
slope, m, and intercept, b, as estimated for the unique OM. When total stock biomass was less than the
point at which the linear regression crossed the average of the recently observed MexRec catches from
2008-2013, then the projected MexRec catches were ramped to zero to account for the negative yintercept (see Figure 2 in main text). Residual error was added to the deterministically calculated
MexRec following the distribution ~N(0, 20.42).
o

Estimated slope and intercept for OM_Base were as follows: m = 0.017, b = - 146.07.
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•

In the LoMexRec implementation scenario, MexRec catches were set equal to the average of the
observed catches between 2008-2013 with uncertainty following the distribution ~N(μ = 109, σ =
17.7).

•

Menhaden discards (in 1000s of individuals) was linearly related to biomass (since 1981; R2=0.9199).
The amount of menhaden discards in future years was estimated based on a linear regression fitted in
the implementation model to account for differences in OMs. Additional uncertainty was added to the
deterministically calculated Menhaden discards following the distribution ~N(μ = 0, σ = 0.021).
o

Estimated slope and intercept for OM_Base were as follows: m = 5.38e-06, b = 0.229.

Determining effective sample size for length compositions
•

Based on observed data, we assumed a linear relationship between log(catch) and effective sample
size for each fishery (labeled F1, F2, F3, and F4) with associated length frequency observations (i.e.,
excluding fishery 4). Equations are as follows:

•

o

Fleet 1: NsampF1 = (10.72 × log(catchF1)) – 36.72 + εF1, where εF1 ~ N(μ = 0, σ = 14.86)

o

Fleet 2: NsampF2 = (2.20 × log(catchF2)) – 7.64 + εF2, where εF2 ~ N(μ = 0, σ = 3.00)

o

Fleet 3: NsampF3 = (1.22 × log(catchF3)) – 3.15 + εF3, where εF3 ~ N(μ = 0, σ = 1.91)

o

Fleet 4: no length observations

We assumed a linear relationship between log-transformed effective sample size of length frequency
observations for each survey 1 and population biomass. As previously, slope, intercept, and standard
deviation of normally distributed error was obtained empirically.
o

•

Survey 1: NsampS1 = exp( -0.76 + (4.56e-05 * B ) + 0.15 + εS1), where εS1 ~ N(μ = 0, σ = 0.52)

The effective sample size of survey 2 was found to be largely independent of population size, so we
randomly chose future sample size of length frequency observations from a truncated normal
distribution, where mean and standard deviation parameters were obtained from fitting a normal
distribution to the observed data. Bounds of truncated normal distribution were to restrict observations
within the realm of observed historical data.
o

Survey 2: NsampS2 ~ Ntruncated(μ = 8.07, σ = 4.61 , lower = 0, upper = 25)
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CHAPTER 5
Effects of altered stock assessment frequency on the management of a large coastal shark

Abstract
Stock assessments are particularly resource-intensive processes. Demand for assessments typically
far outstrips the capacity, stimulating interest in reducing stock assessment frequency for suitable species.
Species with slow population growth rates, low economic importance, and low recruitment variability, like
coastal sharks, have been identified as appropriate candidates for long interim assessment periods in the U.S.
To test this, we conducted a Stock Synthesis-based management strategy evaluation (MSE) with a threshold
harvest rate control rule to assess the impact of stock assessment frequency on the slow growing sandbar
shark within the southeast U.S. Stock assessments for the sandbar shark in the southeast U.S. have been
conducted or updated every 4-6 years since 1998. The sandbar shark proved to be a particularly good
candidate species for reduced assessment frequency, as noted by relatively constant management procedure
performance across interim periods of 1, 5, and 10 years. Management objectives, including probability of
stock recovery, relative biomass level, cumulative U.S. commercial catch, and probability of overfishing,
were slightly adversely impacted with interim periods equal to 15 years, though these effects were minimal.
Based on our findings, assessment frequency for large coastal shark species could reasonably be reduced in
the future without compromising management success.

Introduction
In the U.S., the Reauthorization of the Magnuson-Stevens Fishery Conservation and Management
Act includes a requirement for annual catch limits (ACLs) to be set for all federally managed fisheries
(included in National Standard 1; MSA, 2007), heightening the demand for scientifically derived
management advice, namely through stock assessments (Methot, 2015). Stock assessments are costly and
time consuming, requiring extensive scientific monitoring of abundance, fish biology, and catch, and the
expertise of limited and highly skilled analysts (NMFS, 2001; Lynch et al., 2018). Within the federal US
management system, the average cost of a stock assessment is just under $1.7 million, and the cost is even
higher in the southeast region ($3 million; Merrick and Methot, 2016). High demand can potentially strain
assessment scientists, who could alternatively be assessing under-assessed and/or data-limited species or
conducting research critical to the advancement of stock assessment methodology and fisheries management
(Lynch et al., 2018).
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Given that the demand for stock assessments currently outstrips capacity to conduct them, reducing
stock assessment frequency is of interest as a mechanism to reduce costs and/or free-up resources to assess
additional species (e.g., ICES, 2012; Methot, 2015; Lynch et al., 2018). Historically, more commercially
valuable species and species that comprise large proportions of landed catch have been preferentially assessed
(Lynch et al., 2018; Neubauer et al., 2018). Larger bodied and demersal species are also assessed more
frequently, while certain taxonomic groups, including elasmobranchs (particularly Carcharhiniformes),
rockfishes, and flatfishes are assessed more frequently than other groups of comparable commercial
economic value (Neubauer et al., 2018).
Previous research on optimal assessment frequency is limited and conflicting. In certain
circumstances, reduced assessment frequency has been shown to be viable, without resulting in substantial
reductions to catch or biomass (Marchal, 1997; Kell et al., 1999; Zimmermann and Enberg, 2017; Huynh et
al., 2020) and reducing catch variability (Sylvia, 2015). Contrarily, others have cautioned against multi-year
interim assessment periods, as less frequent assessments may result in increased risk of an overfished stock
and reduced yields (Marchal and Horwood, 1995; Sylvia, 2015; Li et al., 2016; Wiedenmann et al., 2017;
Huynh et al., 2020), reduced economic value of the fishery (Marchal, 1997; Hutniczak et al., 2019), and more
variable yield (Marchal and Horwood, 1995; Li et al., 2016). The negative impacts of less frequent stock
assessments are reduced in stocks with a K-selected life history strategy (Sylvia, 2015; Huynh et al., 2020),
higher productivity (Li et al., 2016), higher target stock size (Marchal and Horwood, 1995), and lower target
fishing mortality (Li et al., 2016).
The potential benefits of reduced assessment frequency are heightened when considering that not
all stocks need to be assessed annually to produce reliable management advice (Methot, 2015; Lynch et al.,
2018). While not all stocks are suitable for multi-annual assessment interim periods, those that are have robust
assessments, modest exploitation, and extended longevity (ICES, 2012). Additionally, stocks for which
management is weakly influenced by assessments, subject to particularly noisy data, or for which limited
new information is generated each year would be acceptable candidates for non-annual assessments (ICES,
2012). Within the United States, species that are not commercially or recreationally valuable and do not
exhibit strong annual fluctuations in abundance should be considered lower priority with respect to stock
assessment frequency (Lynch et al., 2018). Following guidance from Methot (2015) on target assessment
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frequency, longer-lived species with relatively low recruitment variability and low economic and ecosystem
importance should be assessed less frequently, with interim periods up to 10 years. Ultimately, application
of an appropriately parameterized harvest control rule (HCR) with a sufficient buffer and reducing delays in
management action may have a greater impact in maintaining appropriate biomass and fishing mortality
targets than increasing the frequency of stock assessments (Marchal and Horwood, 1995; Sylvia, 2015;
Wiedenmann et al., 2017).
Even if the stock is considered a suitable candidate for reduced assessment frequency, the effects of
assessment frequency on a fishery should be evaluated using management strategy evaluation (MSE; ICES,
2012; Methot, 2015; Li et al., 2016), and application of MSEs on several reference stocks should be
prioritized (Methot, 2015). Yet to date, relatively few studies have assessed the effects of altered assessment
frequency (Sylvia, 2015; Hutniczak et al., 2019) and additional research has been requested (ICES, 2012;
Methot, 2015; Li et al., 2016; Zimmermann and Enberg, 2017; Lynch et al., 2018). In this study, we evaluate
the effect of stock assessment frequency for a representative, slow-growing, coastal shark (Carcharhinus
plumbeus) using MSE.

Methods
Study Species
Sandbar shark is a large coastal shark with a low intrinsic population growth rate (Au et al., 2015),
and comprises a single stock within the U.S. Atlantic and Gulf of Mexico (Heist et al., 1995). Median age at
maturity is 13 years, longevity is estimated to be 31 years, and the reproductive cycle is considered to be 2.5
years (Baremore and Hale, 2012; SEDAR, 2017). The U.S. stock of sandbar shark was overfished in the
1980s due to a lack of regulations, and has shown early signs of recovery following federal management
regulations implemented in the early 1990s (Peterson et al., 2017; SEDAR, 2017). The stock’s current fishing
mortality rate is less than the maximum threshold (i.e., is not experiencing overfishing), but it is below its
biomass threshold (i.e., overfished). As such, the stock is consequently under a rebuilding plan where
commercial and recreational harvest is prohibited outside a designated research fishery (SEDAR, 2017). The
sandbar shark was first assessed both as part of the large coastal shark complex and individually in 1998
(NMFS, 1998) and later in 2002 (Cortés et al., 2002). It was subsequently assessed through the SouthEast
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Data, Assessment, and Review (SEDAR) process in 2006 (SEDAR, 2006), 2011 (SEDAR, 2011), and 2017
(SEDAR, 2017), respectively.

Management Strategy Evaluation
We applied a Stock Synthesis (version 3.30.15; Methot and Wetzel, 2013; Methot et al., 2020) based
MSE to the sandbar shark to explore the long-term impacts of varied stock assessment frequency on the status
of the stock. The approach employed (modified from Peterson et al. in prep) is based on the Maunder (2014)
MSE applied to Pacific Bluefin tuna (Thunnus orientalis). The simulation was built in R (version 3.6.3; R
Core

Team,

2020)

and

Stock

Synthesis.

Wrapper

R

code

is

available

via

https://github.com/cassidydpeterson/SS_MSE_AssessmentFrequency. The simulated time horizon was 100
years, and each sensitivity scenario was run for 100 iterations. Interim assessment frequency varied between
1, 5, 10, or 15 years.
Operating, observation, and estimating models
A Stock Synthesis assessment model based on SEDAR (2017) served as the base operating models
(OMs), which included two sexes, four fishing fleets, and two surveys. Multiple OMs were developed to
fully encapsulate the impacts of uncertainty on assessment frequency. Our base OM reflected current
estimates of natural mortality (M), steepness (h), and virgin recruitment (R0), and included a low fecundity
stock recruit (LFSR) relationship (Taylor et al., 2013). In addition to (1) the base OM (OM_Base), alternative
OM configurations included: (2) a Beverton-Holt (BH) stock recruit relationship (OM_BH), (3) high h
(OM_Hih), (4) low h (OM_Loh), (5) high R0 (OM_lnR0), and (6) reduced M with BH stock recruit
relationship (OM_M_BH; Table 1). The altered assumptions of each OM were conditioned on available data
to ensure projections would be consistent with historical data.
Additional complexity was added to each OM by inducing time-varying catchability and selectivity
(implemented through zero-reverting random walks) and time-invariant error in growth and stockrecruitment parameters (excluding scenarios where steepness was fixed). The modeling time-frame was
extended to be the length of the simulation time horizon, which was 100 years beyond observed dynamics in
this study. We placed informative priors, selected based on OM conditioning, on all estimated quantities and
used ADMB’s Markov Chain Monte Carlo (MCMC) resampling algorithm to generate realistic
parameterizations of the OM with process uncertainty (Monnahan et al., 2014).
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Stock Synthesis’s bootstrapping protocol (Methot et al., 2020) was used as the data-generating
process by adding uncertainty to expected values of survey index observations, length-frequency
compositions, and commercial catches in future years. Catch and survey standard errors and effective sample
sizes of length frequency observations needed to be manually specified along with commercial catch as
determined from the HCR. The observed data produced from the data-generating process was added to the
EM in each time-step.
The estimation model (EM) was a simpler model than the OM following the assumption that
assessment models are simpler than the true stock dynamics. The EM reflected the configuration of the most
recent assessment model used in practice, which assumed a BH stock recruit relationship (SEDAR, 2017).
The EM also assumed selectivity and catchability were time-invariant and life history parameters were fixed.
The frequency of the EM varied from every year to every 15 years (interim frequency of 1, 5, 10, 15 years).
Harvest control rule
Biomass-based HCRs are variations of threshold HCRs, wherein one or more biomass-defined
breakpoints are identified at which the control rule changes. Typical shifts in the control rule include ramps
in allowable F or setting catch equal to zero (Deroba and Bence, 2008; Punt, 2010). We built a biomassbased HCR, which was used to identify target harvest rate at a given biomass level (Figure 1):
0
𝐵𝐵−𝑎𝑎
𝐹𝐹 = � 𝐹𝐹𝑙𝑙𝑙𝑙𝑙𝑙 �𝑏𝑏−𝑎𝑎 �
𝐹𝐹𝑙𝑙𝑙𝑙𝑙𝑙

𝐵𝐵 < 𝑎𝑎
𝑎𝑎 ≤ 𝐵𝐵 ≤ 𝑏𝑏

(1)

𝑏𝑏 < 𝐵𝐵

where F is the HCR-defined fishing mortality rate, B is current stock biomass, Flim is the maximum limit
fishing mortality rate, and b and a are parameters dictating the biomass below which F declines or is set to
zero, respectively. In this application, the HCR was parameterized to have threshold biomass parameters a=0
and b=SSBMSY (spawning stock biomass at which the stock would produce maximum sustainable yield,
MSY), and Flim=FMSY (fishing mortality rate that would lead to the stock reaching a biomass that would
produce MSY).
Implementation module
The sandbar shark fishery is assessed assuming four fleets: (1) Gulf of Mexico U.S. commercial
fishery, (2) South Atlantic U.S. commercial fishery, (3) combined removals from the U.S. recreational fishery
and the Mexican fishery (MexRec fishery), and (4) dead discards from the Gulf of Mexico menhaden fishery
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(SEDAR, 2017). Because Mexican catches are not directly managed through U.S. quota designation, a
portion of the catches within the U.S. sandbar shark fishery are not controlled by the MP (Mexican removals
from the MexRec fleet). Consequently, the future MexRec removals were considered as an additional source
of uncertainty. Three implementation models (IM; Figure 2) were generated to reflect this uncertainty: (1) a
HiMexRec scenario, where MexRec removals increased with increasing biomass consistent with the
historical observations between 1995-2013, (2) a LoMexRec scenario, where catches were assumed to remain
constant (with annual variability) around the constant low level observed between 2008-2013, and (3) a
Conceptual scenario, where MexRec catches were subjected to the ACL designated by the HCR.
In each IM, the overfishing limit was set equal to the catch that would be obtained by fishing at the
HCR-defined F. In the HiMexRec and LoMexRec implementation scenarios, following current practice, 58
mt was subtracted from the overfishing limit to obtain the ACL, accounting for anticipated removals from
the recreational fishery (SEDAR, 2017). In the Conceptual implementation scenario, the overfishing limit
was set equal to the ACL, and half of the ACL was partitioned to the MexRec fishery and half was partitioned
to the U.S. commercial fishery. U.S. commercial allocations were simulated following a beta distribution
defined by fitting to the historical data. Future simulated menhaden fishery catches were determined by
assuming dead discards increased with biomass following a fitted linear regression to the historical time
series.
The OM was necessarily updated every year to ensure that the non-managed catch was consistent
with the stock biomass between EM (assessment) years. In all implementation scenarios, the ACL was
constant between assessment years. Lognormal implementation uncertainty was added following historical
mismatch between total allowable catch and observed catch from the years 2008-2019. Empirically
calculated relationships between fishery catch and/or biomass and effective sample size of length
composition data were propagated into the future.

Management Objectives and Assessment Frequency Analysis
For the purposes of this MSE, the management objectives of interest included the probability of
stock recovery to the minimum stock size threshold (MSST) by 2115 (defined as SSB2115 ≥ 87% SSBMSY,
where 87% SSBMSY represents the MSST for sandbar sharks), the relative stock biomass in the terminal year
of the simulation (SSB2115/SSBMSY), total U.S. commercial catch, and the probability of overfishing across the
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simulation period (calculated by summing the number of years in which F>FMSY divided by the 100 years in
the simulation horizon). To assess the impact of altered stock assessment frequency on the management
objectives of the sandbar shark fishery, we implemented a series of generalized linear models (GLMs) for
highlighted management objectives. Covariates included assessment frequency as a categorical covariate,
IM, OM, and interactions between covariates. Optimal models were selected following the information
theoretic approach (AIC; Akaike, 1973; Burnham and Anderson, 2002).

Results
The effect of lower assessment frequency was fairly small for most management objectives
considered. Worm plot trajectories of median performance appeared to be very similar regardless of
assessment frequency (Figure 3). MP performance was certainly more affected by OM and IM (Figures 3 &
4).
Statistical interpretation illustrated that the effects of assessment frequency on management
objectives were conflated with the implementation and operating models (Table 2, Figure 4), resulting in
some non-intuitive (i.e., sometimes non-monotonic) patterns when analyzed across OMs (Figure 5). In each
of the four management objectives assessed, the effect of assessment frequency was not linear for each OMIM scenario, indicating that each additional interim year may not have the same impact on management goals.
Nevertheless, the effect of assessment frequency on management objectives was generally small, typically
showing little impact of increased interim years through the 15-year interim scenario (Figure 5).

Probability of Recovery to MSST
There was an interaction between OM and IM on the probability of stock recovery to MSST (Table
2). The probability of stock recovery remained relatively constant when the interim assessment period ranged
between one and 10 years (Figure 5). When the interim duration increased to 15 years, the probability of
recovery declined in several scenarios (Figure 4). Across OMs in the Conceptual implementation scenario,
the probability of recovery under the 15 year interim period was reduced by 3.2% relative to the 1-10 interim
period average, indicating that the probability of recovery declined less than 1% per year on average after the
interim period exceeded 10 years (Figure 5).
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In the Conceptual Base scenario, the scenario in which this decline was by far the greatest, the
probability of recovery was reduced by 13.0% between the 1-10 and 15 year interim periods (2.6% reduction
per year for years >10; Figure 4). This decline was also observed in the Base LoMexRec scenario (11%
decline between the 1-10 and 15 year interim periods; 2.2% reduction per year after 10 years; Figure 4). In
all other OM-IM scenarios, the relative reduction in probability of recovery was ≲ 1% per year between 15
year and less than 10 year interim periods. The relatively small impact on probability of stock recovery

between interim periods of 1-10 years was also observed in the LoMexRec and HiMexRec scenarios, to a
lesser extent. Probability of recovery was reduced by 2.5% and 2% between interim periods of less than 10
years compared to 15 years, for the LoMexRec and HiMexRec scenarios respectively (resulting in average
annual probabilities of less than 1%; Figure 5).

Terminal Spawning Stock Biomass
There was an interaction between OM and IM on terminal spawning stock biomass (SSB) ratio
(SSB2115/SSBMSY; Table 2). Spawning biomass ratio in the terminal year of the simulation was particularly
dependent on OM, where SSB2115/SSBMSY was regularly far from 1 when the OM dynamics were mismatched
to the EM. These impacts were further dependent on IM, as catch allocation varied in each implementation
scenario, and the presence of unaccounted removals from the MexRec fishery resulted in SSB2115/SSBMSY of
most OMs that fell well below 1 in the HiMexRec implementation scenario (Figure 4).
The pattern in terminal SSB ratio naturally followed the probability of recovery. Accordingly,
relative terminal SSB appeared generally constant where assessment interim periods varied between one and
10 years, and declined slightly when the interim period was equal to 15 years (Figure 5). However, these
declines were relatively small (3% reduction in terminal SSB ratio between the 1-10 year interim period
average versus the 15-year interim period across all OM-IM combinations). This reduction in terminal SSB
in the MP with a 15-year interim period did not necessarily reflect a reduction in MP performance. When the
mismatch between OM and EM resulted in terminal SSB ratio much larger than 1, a reduction in terminal
SSB ratio actually brought the SSB ratio closer to the ideal level of 1. Over all OM-IM scenarios, the terminal
SSB ratio was very close to 1 for all assessment frequency scenarios explored (Figure 4).

215

Cumulative U.S. Commercial Catch
There was an interaction between assessment frequency, OM, and IM on cumulative U.S.
commercial catch (Table 2). The impact of altered assessment frequency in cumulative U.S. commercial
catch was less intuitive, sometimes increasing and sometimes decreasing with additional years between
assessments depending on the OM-IM scenario (Figure 4). Overall, cumulative U.S. commercial catch was
generally similar in most OM-IM scenarios, then increased when the interim period reached 15 years. The
patterns in cumulative U.S. commercial catch generally mirrored the results of terminal SSB ratio and
probability of recovery, clarifying the trade-offs associated with managing fisheries (i.e., increase in
cumulative catch corresponds to a reduction in terminal SSB ratio and decreased probability of recovery;
Figure 5).

Probability of Overfishing
OM was not included in the optimal GLM configuration as identified by AIC for the probability of
overfishing (POF). There was, however, an interaction between IM and assessment frequency (Table 2). In
the Conceptual implementation scenario, the probability of overfishing remained relatively stable when
assessment frequency varied between every year to every 10 years (~5.7% POF), then increased when there
were 15 years between assessments (9% POF). This pattern was generally complementary with the patterns
in probability of recovery and terminal SSB ratio (Figures 4-5). In the LoMexRec scenario, this division in
probability of overfishing occurred in contrasting assessment interim periods of one to five years (~13%
POF) compared to 10 to 15 years (14.6% POF). The probability of overfishing was relatively constant in the
HiMexRec scenario, regardless of assessment frequency, and was overall much higher due to larger MexRec
removals (35.6% POF).

Discussion
Given the relatively small impact of assessment frequency on management procedure performance,
we found that the sandbar shark is a good candidate for lower assessment frequency. MP performance varied
only slightly based on 1, 5, 10, or 15 year assessment cycles, and generally only appeared to show adverse
responses when interim periods reached 15 years. Similarly, Sylvia (2015) found that slow life history fish
were less likely to be adversely affected by increased assessment interval. Given the small effect that
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assessment frequency had on management objectives for the sandbar shark, longer interim periods may be
the most effective way to assess slow-growing coastal shark species. Since the first assessment of the sandbar
shark, the stock has been assessed every 4.75 years on average. We show that assessment frequency can be
reduced up to at least 10 years without adversely affecting management goals. After assessment interim
periods reached 15 years, the probability of stock recovery to MSST and terminal SSB ratio declined slightly
in the Conceptual and LoMexRec implementation scenarios, accompanied by a slight increase in cumulative
U.S. commercial catch and probability of overfishing throughout the simulation period.
Implication of assessment frequency was complicated by the non-linear impact of interim period,
such that additional years between assessments did not all have an equal impact on overall management
performance. Further, the impact of assessment interim periods varied considerably based on OM and IM.
Following Peterson et al. (in prep)’s MSE on the sandbar shark, this MSE application demonstrates that the
future of MexRec catches will have perhaps the largest impact on the future of the sandbar shark stock in the
southeast United States.
Notably, we did not consider the impact of delays in management implementation and lags in data
availability (e.g., Shertzer and Prager, 2007; Sylvia, 2015). Like many U.S. stocks, management
implementation generally takes well over one year for coastal sharks. Delays in management implementation
were found to reduce fishery yield and increase recovery time on depleted stocks (Shertzer and Prager, 2007).
Sylvia (2015) found that the adverse impacts of management lag were generally greater than those from
increased assessment frequency. However, like assessment frequency, these impacts were found to be smaller
for a K-selected species (Brown et al., 2012; Sylvia, 2015).
Not all stocks would be good candidates for decreased stock assessment frequency. For instance,
stock assessment frequency should be higher for stocks that are particularly economically valuable (Methot,
2015; Lynch et al., 2018; Hutniczak et al., 2019). Fisheries where stocks are faster growing, with higher
target F, that have a less well-defined stock-recruitment relationship, and which are frequently dependent on
large age/size-classes should be assessed more frequently (ICES, 2012). Faster-growing species were found
to have greater annual impacts on catch, biomass, and probability of overfishing with increased time between
assessments as compared to slow-growing species (Sylvia, 2015). Also, stocks for which assessments show
retrospective patterns should be updated more frequently (Hutniczak et al., 2019).
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Overfished stocks or stocks in rebuilding plans, like the sandbar shark, should be assessed more
frequently to ensure recovery to optimal levels (Methot, 2015). Despite perceived low economic value, prior
to stock reduction, the sandbar shark was an economically valuable resource for the legal shark fin trade.
Sandbar sharks were particularly prioritized within the shark fishery due to their large sizes and
proportionally large fins (Dulvy et al., 2014). Further, consideration should be taken of ecosystem
importance, non-catch value, and constituent demand when determining stock assessment frequency (Methot,
2015). As higher trophic level predators (Cortés, 1999), large coastal sharks may have an ecosystem role as
top-down predators and maintainers of ecosystem stability (Ferretti et al., 2010; Britten et al., 2014). Further,
large coastal sharks have proven particularly challenging to manage amongst conflicting stakeholder interests
(Carlson et al., 2019). These aspects of the large coastal shark fishery should also be considered when
identifying optimal stock assessment frequency.
It is important to consider that the risk to the resource is nonsymmetric with respect to assessment
frequency. For example, if a catch level is set too high where interim assessment periods are longer, the stock
will undergo additional years of overexploitation which could result in a detrimental impact to the stock of
greater magnitude that would be experienced if assessments were conducted more frequently. Further, an
MSE is only as valuable as its ability to fully capture the range of uncertainties of the system (Butterworth
and Punt, 1999), and any MPs implemented in practice should be regularly revisited to ensure that the MPs
are not operating under conditions that were not simulation tested (Carruthers and Hordyk, 2019). We
emphasize that the current simulation assumed stationarity and as such, a number of untested uncertainties,
including climate change impacts, changes in the management framework, episodic events, and others, could
influence how these MPs perform in practice. It is therefore important to continually revisit any changes to
current management practices regularly to ensure that they are still valid and performing appropriately (Punt
et al., 2016). An additional benefit of more frequent assessments is that they provide opportunities to identify
model misspecification. This opportunity cost of extended periods between assessments should also be
considered when choosing an assessment frequency.
Results herein ultimately demonstrate that sandbar sharks represent a suitable species for reduced
assessment frequency, supporting U.S. federal guidance with respect to future assessment activities (Methot,
2015; Lynch et al., 2018). The sandbar shark is slow growing, with a largely environmental-independent
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stock recruitment relationship and currently low economic value (Stevens et al., 2000). Accordingly, Methot
(2015) suggested that longer interim periods of up to ten years are appropriate for long-lived species with
low recruitment variability and low economic importance. Ultimately, reducing stock assessment frequency,
where appropriate, will reduce resource expenditure, free up assessment scientists to advance stock
assessment methodologies and/or assess other, underassessed, stocks, thereby increasing assessment
throughput as recommended by the next generation of stock assessment enterprise (Lynch et al., 2018). We
show that K-selected coastal shark species, like the sandbar shark, could reasonably undergo longer interim
periods between stock assessments without compromising management objectives.
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Tables and Figures
Table 1. List of six operating models with associated levels of relevant parameters. Note that the base OM
is italicized. M is natural mortality, h is steepness, ln(R0) is the natural logarithm of virgin recruitment, and
S-R is the form of the stock-recruitment relationship. Note that the OM with ½ M produced a nonsensical
yield-biomass curve when LFSR was specified; consequently, we chose to apply the BH stock-recruitment
function to this OM scenario. “Current” denotes that the model assumed the estimated value from the most
recent stock assessment (SEDAR 2017).
OMs
M
h
R0
S-R

Base
Current
h=0.3
Current
LFSR

OM_BH
Current
h=0.3
Current
BH

OM_Hih
Current
↑h=0.4
Current
LFSR
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OM_Loh
Current
↓h=0.25
Current
LFSR

OM_lnR0
Current
h=0.3
2×Current
LFSR

OM_M
½ Current
h=0.3
Current
BH

Table 2. Optimal GLM formulations as identified by AIC, where * indicates interaction effect, FRQ indicates
assessment frequency, IM indicates implementation model, and OM indicates operating model. †Note that
the probability of overfishing management objective contained 0, which cannot be transformed via a logit
𝑥𝑥(𝑁𝑁−1)+0.5
, where
link function, so the probability of overfishing was first transformed using the equation 𝑥𝑥𝑐𝑐 =
𝑁𝑁
N is the sample size, following Smithson and Verkuilen (2006).
Management objective
Probability of Recovery
SSB2115 / SSBMSY
Total US Commercial Catch
Probability of Overfishing†

Response distribution
Binomial
Normal
Lognormal
Normal
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Link function
Logit
Identity
Identity
Logit

Model formulation
FRQ + IM * OM
FRQ + IM * OM
FRQ * IM * OM
FRQ * IM

Figure 1. Form of the threshold harvest control rule, where Flim is the maximum prescribed fishing mortality
rate (F), a is the threshold biomass below which prescribed F = 0, and b is the threshold biomass below which
prescribed F is reduced. The parameterization in the current study followed Flim = FMSY, a = 0, and b = SSBMSY,
or the spawning stock biomass that would produce MSY.
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Figure 2. Historical relationship (1995-2013) of observed Mexican and U.S. Recreational (MexRec) catches
and total sandbar stock biomass. Points plotted in black represent observations from the years 1995-2007,
and red points were observed between the years 2008-2013. The superimposed lines demonstrate the alternate
simulated relationships between MexRec catches with biomass (black line represents the ‘HiMexRec’
implementation scenario while the red line represents the ‘LoMexRec’ implementation scenario). Catches
below the average catch between years 2008-2013 was linearly ramped to zero in the HiMexRec case to
ensure that removals were still taken at low biomass levels (e.g., to account for the negative intercept).
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Figure 3. Worm plots depicting trajectories of SSB/SSBMSY for each operating model (OM; in each column)
across implementation models (IMs; in each row). Each simulated trajectory for each iteration is graphed
transparently following the color scheme noted in the legend, and the median SSB/SSBMSY is superimposed
and boldened for each OM-IM-FRQ scenario.
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Figure 4. Resulting GLM-predicted management objectives as dependent on assessment frequency.
Management objectives are presented by row and include probability of stock recovery to 87% SSBMSY by
2115, terminal SSB2115 relative to SSBMSY, total US commercial catch across the simulated time horizon, and
the probability of overfishing in the simulated time horizon. Boxplots are mean model predictions across
operating model (OM) for each implementation model (IM). Responses for each OM and IM are
superimposed, where OM are differentiated by color and IM are differentiated by column. Note that due to
interaction effects within the GLMs, the response of altered frequency on each management objective varies
across OM and IM.
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Figure 5. Performance of altered stock assessment frequency (with interim periods of 1, 5, 10, 15 years) on
four management objectives: probability of stock recovery by 2115 (SSB2115 ≥ 90% SSBMSY; top left), relative
terminal stock biomass (SSB2115/SSBMSY; top right), cumulative U.S. commercial catch from 2016-2115
(bottom left), and probability of overfishing from 2016-2115 (bottom right). Note results are presented by
each implementation model (IM; Concept in grey, LoMexRec in green, and HiMexRec in orange) across all
operating models.
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CHAPTER 6
Conclusion

Goals
Within this dissertation, I sought to improve observation, assessment, and management of coastal
sharks. To accomplish this, I focused on two overarching goals: (1) to define best practices of using dynamic
factor analysis (DFA) to clarify stock abundance trends from a collection of disagreeing, spatiotemporally
limited indices of abundance, both independently and within a stock assessment, for the Atlantic sharpnose
and sandbar sharks; and (2) to explore the impact of various management procedures (MPs) for the sandbar
shark using management strategy evaluation (MSE).

Relevance
Overarching goal 1: Proper utilization of conflicting indices of relative abundance for coastal sharks
The disparate and conflicting nature of the indices of relative abundance available for coastal shark
assessments is an established concern and hinders our understanding of the status of our stocks (Cortés, 2011;
Cortés et al., 2015; Peterson et al., 2017a). Consequently, the 2013 shark stock assessment recommended
additional research on the integration of local abundance indices into a global index (SEDAR, 2013), and the
Atlantic States Marine Fisheries Commission recommended additional research should be conducted on
identifying indices that contribute the most information to stock-wide trends (ASMFC, 2013). Methods of
data reconciliation prior to assessments (Conn method; Conn, 2010b) have been utilized and implemented as
sensitivity runs within coastal shark assessments in the past (SEDAR, 2011) to help alleviate uncertainties
related to unclear trends in stock abundance. Here, through simulation analyses, I showed that these methods
hold scientific merit and can be implemented within stock assessments directly and as a diagnostic tool.
Utilization of DFA within a stock assessment process also allows for inclusion of all small-scale
surveys. The requisite costs and resources associated with maintaining a fishery-independent sampling
program are oftentimes prohibitive. Consequently, survey program officers must constantly justify the costs
of long-term surveys, in spite of the fact that the value of surveys typically grows with the length of the time
series. With the current practice of including all conflicting survey indices in a stock assessment, discussions
related to which surveys to include in the assessment often occur within the data workshop of the SouthEast
Data, Assessment, and Review (SEDAR) process. In my proposed DFA assessment scenario, all surveys
could reasonably be included in the assessment, thereby justifying continued funding.
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Overarching goal 2: Exploration of appropriate management strategies
The results of this research provide scientifically-based guidance on MP implementation for
particularly slow-growing highly migratory species (HMS), as deemed necessary by Cortés et al. (2015) and
NMFS (2020). Direction regarding management strategies for HMS and specifically for coastal shark species
is severely lacking. Given the extreme declines in abundance that coastal shark species have undergone in
the past (Musick et al., 1993), appropriate management application is necessary to allow for continued
recovery and to prevent overexploitation into the future. Challenges in shark management due to their unique
life history strategy have been consistently reported in the past (Ellis et al., 2008; Cortés, 2011), and these
challenges have been reflected in poor performance within MSEs (e.g., Punt et al., 2005; Carruthers et al.,
2014). By specifically focusing on sharks, this project has advanced our understanding regarding allowable
biological catch recommendations for Atlantic coastal sharks as recommended by the SEDAR 21 (2011)
review panel.
In addition to conducting MSEs, NMFS (2020) has prioritized identification of impediments
towards stock recovery for HMS species. Through this research, I found that a potential significant obstacle
towards sandbar shark stock recovery in the U.S. is the level of future removals by the Mexican fishery. If
these removals that are not managed by the MP are consistent with past historical trends (1995-2013), I would
not expect the sandbar shark stock to recover to BMSY. This is a significant finding that may influence how
annual catch limits are set heretofore.
Additionally, the frequency of shark assessments is necessarily limited due to inadequate time and
personnel. As a slow growing species with a relatively tight stock-recruitment relationship, I showed that
sharks do not require frequent assessment updates. This may free up coastal shark assessment scientists to
conduct alternate research or prioritize unassessed or under-assessed species. Gaining an understanding of
assessment frequency is not only beneficial for organizing shark assessments in the future (SEDAR, 2011),
but may also provide guidance on the timing of a review of any newly implemented management strategy
(Holland, 2010).

Applicability to Other Species
While I particularly focused on coastal sharks in this dissertation, I note that these methods could
easily be applied to other fishes plagued with similar observation, assessment, and management challenges.
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Particularly, many species are not representatively sampled by a single or few surveys and the information
content within these survey observations are not sufficient for more complex forms of analysis (e.g.,
spatiotemporal index reconciliation approaches). I found that DFA can be applied to fishes across life history
strategies to reconcile conflicting indices of abundance.
Further, I specifically simulated a ‘Conceptual’ MSE implementation scenario to demonstrate how
the candidate MPs would perform for a coastal shark species wherein all substantial sources of removals are
managed. Although exact specifications of the fishery, including quota allocations and fleet selectivity would
vary by species, the ‘Conceptual’ MSE implementation could serve as a test of a generic MP, which could
be applicable to other coastal shark species. Lastly, I outlined an approach to explicitly consider future
unmanaged fishery removals within an MSE, which may be appropriate to consider in other fisheries, such
as recreationally dominated fisheries (Shertzer et al., 2019), bycatch species with high at-vessel and/or postrelease mortality (e.g., pelagic sharks; Bonfil, 1994), or species subjected to illegal, unreported, and
unregulated (IUU) fishing (Stiles et al., 2013).

Extensions
Dynamic Factor Analysis
DFA was found to be a useful tool to clarify conflicting indices of abundance outside of and within
stock assessments, which is crucial to the proper assessment and management of a stock. As such, I propose
that DFA may have additional utilization as a diagnostic approach within the assessment framework to clarify
trends and to group related indices (comparable to hierarchical clustering; Courtney, 2017). Further, there
are many other areas in fisheries stock assessment and management that depend on indices of abundance and
DFA may have value therein, as well.
Data-limited methods (DLMs) are alternative approaches to generate management advice in
scenarios in which requisite data for a conventional stock assessment model is lacking (Carruthers et al.,
2014). When available, indices of abundance may be incorporated into DLMs to convert static MPs into
adaptive MPs (Harford and Carruthers 2017). In place of using a single survey-specific index of abundance,
particularly when a single survey index may not contain ample or good-quality data, a DFA trend generated
from multiple survey indices may prove useful data inputs for DLMs.
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In addition, empirical MPs, in contrast to model-based MPs, are designed to adjust total allowable
catch (TAC) advice using data without estimating biological reference points or stock status (Punt et al.,
2016). Notably, empirical MPs, also termed indicator-based approaches, are not necessarily designed to
optimize yield, but rather to guide TAC advice while ensuring that the resource does not collapse (Rademeyer
et al., 2007). Empirical MPs typically rely on an indicator as a measure of stock abundance (e.g., indices of
abundance) to adjust TAC over time (Geromont and Butterworth, 2015; Punt et al., 2016), wherein DFA
implementation may be useful.
Empirical MPs have also been coopted for use as interim assessment approaches (Geromont and
Butterworth, 2015; Harford et al., 2016; Huynh et al., 2020). These interim assessment approaches are
designed to adjust TAC corresponding to levels of a stock-biomass indicator in the years between
conventional stock assessments. Interim approaches not only update catch advice regularly, thereby
increasing assessment throughput, but also relieve associated pressure for unnecessarily high stock
assessment frequency. Like DLMs, DFA trends would likely be valuable as an indicator in empirical MPs
and consequently in interim assessment approaches. Prior to implementation of DFA in all of these uses,
including DLMs, empirical MPs, and interim approaches, an MSE should be conducted to fully characterize
the potential implications for such an approach. I recommend this as an area of future research.

Management Strategy Evaluation
This project involved building a Stock Synthesis-based MSE. While I designed the MSE specifically
for the sandbar shark, this is a flexible framework that can be easily adapted to other species with various
code modifications. Stock Synthesis is a widely used assessment platform to provide management advice
both globally and within the United States (Methot and Wetzel, 2013). Given the prevalence of Stock
Synthesis, the potential application of this MSE framework is correspondingly broad. In addition to
application to other species, this framework can be adapted to answer other research questions. I
demonstrated the flexibility of this MSE framework by modifying it to determine the impact of altered
assessment frequency for the sandbar shark. The MSE code that was built for these studies has been made
publicly

available

via

github

(https://github.com/cassidydpeterson/SS_MSE

and

https://github.com/cassidydpeterson/SS_MSE_AssessmentFrequency) to allow for scientists to utilize and
build on this framework in the future.
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This research also begs further consideration of the conventional practice of setting MSY equal to
optimum yield. Considering the contentious nature of coastal shark management and the diversity and
economic considerations of stakeholder interest, this may be a stock for which optimum yield is not equal to
MSY. Optimum yield is defined as the quantity of removals that will provide the greatest benefit to the nation
on a continuing basis, and it is defined based on MSY “as reduced by any relevant economic, social, or
ecological factor” (NMFS, 2016). It is important to remember that fisheries can be sustainable at biomass
levels other than BMSY, as long as removals are adjusted accordingly (Hilborn and Walters, 1992). The
ecosystem and technical considerations related to coastal sharks, including the fishery importance of prey
resources, shark depredation, and the associated economic implications with these considerations, may call
for further consideration of the designation of optimum yield for sharks, which should be further explored by
fisheries managers.

Summary
The goals of this dissertation were to provide practical and requisite information to benefit stock
assessment scientists and managers with respect to coastal sharks. By explicitly collaborating with the
researchers at the Southeast Fisheries Science Center who conduct coastal shark stock assessments in
practice, I am ensuring that this research is visible and practical where it has the potential to create the greatest
impact. I hope that the relevance and applicability of these findings will prove useful in the observation,
assessment, and management of coastal sharks and other fisheries more broadly, and that future researchers
will benefit from the work conducted herein.
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